Probability Theory

Volker Betz

1. Basic definitions and facts

In this section, we recall the definitions and statements from the lecture "Einfithrung in die
Stochastik’ that will be relevant for this course. Another purpose of this repetition is to make
you familiar with the English terminology.

(1.1) Definition

Let € be a non-empty set. A collection of subsets F C P(2) is a o-algebra (o-field) over € if
a) ) e F,

b)) Ae F = A =Q\A e F,

c) Aje FVieN = |J,.yA4i € F.

(Q, F) is called a measurable space.
Remark: You should check that the conditions imply [,y A; € F in the situation of c).

(1.2) Definition

Let F be a o-algebra over Q. A measure is a map p : F — R{ with
a) u(0) = 0.

b) 1 Usen Ai) = X e #(4;) for all disjoint collections of A; € F.

If 1(2) = 1, then p is called a probability measure. In this case we often use the letter P instead
of p and call (Q, F,P) a probability space.

(1.3) Lemma

Let P be a probability measure on (2, F), A, B, (4;) € F.
a) AC B = P(B)—P(A) =P(B\ A) > 0; ("Monotonicity’);
b) AC UjenAi = P(A) < >,y P(A); ("Subadditivity’);
c) Ay A = P(4;) /P(A); (Continuity from below’);
d) A, A = P(A4;) \(P(A); ("Continuity from above’).
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Notational Remarks:

a) Above, A; /' A means that A; C A,y for all 7 and |J, A; = A. A; \y A means A, C A; for
all 7 and (), 4; = A.

b) We will often write * instead of 7, if it is clear what limit is taken. Similarly, we will
often write | J; instead of |, if it is clear what set the i are from.

(1.4) Most important elementary examples
a) Q countable set, F = P(Q), p: Q@ — Ry with > _,p(w) = 1. Then
P(A) =) pw) = Lawp(w)

w€eA we

defines a probability measure. 14(w) = 1 if w € A and = 0 otherwise, is called the indicator
function of A. p is called the probability weight function. All probability measures on countable
spaces are of the above form.

b) Q = RY F = B(R?) = B? the Borel-o-algebra, f : R? — R} a measurable function with
Jga f(z)dz = 1. Then

P(A) = /A faye = [ @@ (4€ B

defines a probability measure on R?. f is called Lebesque-density of P. Not all probability
measures on R? can be written in the form above, but many important ones can.

(1.5) Product spaces, product measures, generated c-algebras

Let €2y, ...,8Q, be probability spaces. We define the cartesian product
D x Qo xox Q=[] ={(wr,- . wa) s wi € QVi},
i=1

and

F=FRoho. oF=Q)7F
=1

to be the smallest o-algebra over [])_, ; that contains all measurable rectangles

Ay x oo x Ay = {(wr, ., wp) tw € AVi}
with A; € F; for all 7. If we construct a o-algebra as the smallest g-algebra containing a certain
collection G C P() of subsets, we say that it is the o-algebra generated by G and write o(G).

If P; is a probability measure on (€2;, F;) for all 7, then there is a unique probability measure
P.=P,®P,®...®P, on (2 so that for all measurable rectangles A = A; x...x A,, the equality

P(A) = P1(A1)Py(As) - - - Pp(4,)

holds. This measure is called the product of the P;. As a main example, think of the n-
dimensional Lebesgue measure.
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(1.6) Random variables, distributions

Let (2, F,IP) be a probability space, and (€', F') be a measurable space, i.e. a set Q' with a
o-algebra F' over (Y. A function X : Q — Q' is called random variable (RV) if it is measurable,
ie. if

X1 A)={weQ: X(w)yeA}eF
holds for all A’ € F'. The distribution of a RV X is the measure Px on ' so that

Py (A) =P(X*(A)) forall A € F.

We also say that Px is the image of P under X, or the pushforward of P under X. When
Px = p for some probability measure p, we also sometimes write X ~ p and say that X is
distributed like p. Example: X ~ A(0,1). Finally, we sometimes write

Py =Po X!

(1.7) Example
Let (€2, F,P) be a probability space.

a) A€ F, X =14, then X is a real-valued RV and for B € B,

P(A) if 1€ B,0¢ B,

1-P(A) if0eB,1¢B,

1 if0eB,1¢eB,

0 otherwise.

More compactly, for B € B, Px(B) = P(A)§;(B) + (1 — P(A))dy(B), where ¢, is the Dirac
measure in the point x € R.

b) Ay e F, AinA; =0 foralli+#j, X =57 ,als. Then X is a real-valued RV, and you
should convince yourself that

Px(-) = 2 P(A)da, () + (1= P(LJ A4:))do ().

Px(B) =

The last term can be dropped if we assume that | ), A; = . In this case, X is called elementary
RV.

(1.8) Distribution functions
Let X be a real-valued RV. The function
F:R—10,1, z—PX <z)=Px((—o0,z])

is called (cumulative) distribution function of X. It uniquely determines the distribution of X
(but not X itself).
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(1.9) Equality in Distribution

Let X,Y be RVs. We say that X and Y have the same distribution, and write X 2 Y, if
Py = Py. Note that X LY is a much weaker statement than X = Y.

(1.10) Examples for important non-real-valued RVs

ARV X : (Q,F,P) — (2, F) is also called a

random vector if ' = R4, F' = B¢, d > 1;

random permutation if ' = S(N) ={n:{1,...,N} = {1,..., N}, 7 bijective}, F' = P(Sn).

random continuous function, or random path if Q' = C(R§,R?). The o-algebra is the one
generated by the point evaluations (not relevant in this lecture).

(1.11) Testing for measurability

Measurability of a random variable needs only be tested on a collection of sets generating the
o-algebra on the target space of X. In symbols: Let ' be a o-algebra, and let G be a collection
of sets with o(G) = F'. A function X is measurable from (Q,F) to (', F’) if and only if
XHA) e Fforall A €g.

(1.12) Generated o-algebra

Let X be a RV from (9, F) to (', F'). The o-algebra (!) o(X) := c({X 1 (A) : A € F'}) is
the smallest o-algebra over €2 with respect to which X is measurable. It is called the o-algebra
generated by X and can be much smaller than F. Try to find the o-algebra generated by the
RVs in Example (1.7).

(1.13) New RVs from old

a) If X : Q= QY :Q — Q" are RVs, then also Y o X : 2 — Q" is a RV.

b) If X;, i =1,...,n, are real-valued RVs and f : R" — R™ is measurable, then f(Xi,...,X,) :
2 — R™ is a RV. This works the same with more general target spaces.

c) Special case of b): " | X, is a RV.

d) Let (X;)ien be a sequence of RVs. Then w +— inf; X;(w) and w + sup,; X;(w) are RVs. The
same for w — limsup,_ ,  X;(w) and w + liminf; ., X;(w).

e) In the situation of d), Qp := {w € Q : lim,,_,o, X;(w) exists} is measurable, and

lg,(w) lim X, (w) := 1g,(w) limsup X, (w) = 1o, (w) liminf X,,(w)

n—00 n—00 n—00

is a RV.
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Exercise: check that all the statements so far also hold for the probability space R = R U
{—00, 00} with the o-algebra generated by the intervals [—o0o, a) and (b, oo] for a,b € R.

(1.14) Expected Value
a) Discrete probability spaces: Q = {w; : i € N};
ARV X : Q — R? is integrable if >, | X (w)|P({wi}) < oo, where ||z|| is any (e.g. the
euclidean) norm on RY. In this case,
ZX wi)P({w;})

1€N
is the expected value of X with respeet to P (defined component-wise).
b) Lebesgue densities: 2 = R", = 1 p(y)dy for A € B", with some density p > 0,

Joly)dy =1.
A RV X : R" — R% is integrable if [ p(y)||X(y)||dy < oo, and in this case,

E(X) = / o)X (y) dy

is the expected value of X with respect to the measure P = p(y) dy (defined component-wise) .
c) General case, positive RV: (2, F,P) general, X : Q — R a RV. Then for each n € N, let

X, (w) = min {% [nX(w)] ,n}.

Then, Q, = {w; : 0 < j < n?} with 'points’ w; := X, 1(j/n) C Q, for 0 < j < n? and
probability measures P,,({w;}) = P(X,,*({j/n})) is a discrete probability space (situation a),
and we define

n? n?

k k _

k=0 k=0
X is called integrable if E(X) := lim,_,, E(X,,) exists, and E(X) is then called expected value
of X. If E(X) = oo, then X is not called integrable, but we still say that the expected value
exists and is +o00.
d) General case, general RV: For real valued RVs, X is called integrable if positive part X, and
negative part X_ are integrable in the sense of ¢). Then E(X) = E(X,) — E(X_).
For R%valued RVs, X is integrable if the positive RV w ~ || X (w)|| is integrable. Equivalently,
if each component is integrable. E(X) is then defined component-wise.
e) Properties of the expected value:
Linearity: If X,Y are integrable, then also X + aY («a € R) is integrable, and E(X + oY) =
E(X) + oE(Y).
Monotonicity: If X(w) > Y (w) for all w, then E(X) > E(Y) if the expected values exist.
If X(w) > Y(w) for all w and E(X) = E(Y), then P(X # Y) = 0. In this case, we say that
X =Y almost surely.
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(1.15) Variance

For a real-valued RV X with E(X) < oo, we define the variance of X as
V(X) = Var(X) = E((X — E(X))?) = E(X?) — E(X)*.

The variance can be infinite. We have that V(aX + b) = a*V(X).

(1.16) Computing expected values

a) Let X be a Ré%valued RV on a probability space (2, F,P), and let f : R — R" be a
measurable function so that f(X) is integrable. Then

E(f(X)) = g f(y)Px(dy),

where Py is the image measure of P under X.
b) Special case: d = n, f(x) = x, then

E(X) = /}Rdny(dy)-

If d=n=1and f(x) = 2™, then the m-th moment of X is defined as E(X™) and can be
calculated via

E(Xm):/ymIP’X(dy), m> 1.

c¢) Special case: Gaussian measure. If X is a Gaussian RV with expected value p and variance
0%, then Py has the Lebesgue-density

Then,

E((X —n)")

1 /( r ~lslul? g 0 if n is odd,
= — e 20 =
V2mo? Jr v Y (n—1)No™ if n is even.

Here (n — D!l = (n —1) - (n —3)---3-1. Also, E(X™) can be calculated by expanding X" =
(X —p+p)" =30 (" (X — p)"* and using linearity.

d) A very useful formula for calculating expected values is the following: if X is a real-valued
RV, X >0, and if f: Rt — R* is differentiable and monotone increasing, then

E(f(X / Py BX > y)dy.

(Proof: the integral on the right hand side equals

/Omdyf’(y)LP(dw)l{X(w>>y} z/IP’(dw) /Ooodyf( )L (X (w)o9)

by Fubini’s theorem which holds smce f’ 0. The inner integral in the last expression on the
right hand side above equals fo (y)dy = f(X(w)) — f(0). This shows the claim.)
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e) A frequently useful special case of the above equation is

E(X?) = /pypl]P’(X > y) dy.

(1.17) Inequalities for expected values

a) Jensen: If X is a real-valued RV, ¢ : R — R is convex and both X and ¢(X) are integrable,
then

E(¢(X)) = o(E(X)).

b) Hélder: For p, q € [1, 00] with % + % =1,
E(XY]) <XV, where [|X]l, == E(X)V7, [V ]|, = E(X])"7.
c) Cauchy-Schwarz: Holder with p = g = 2, i.e.
E(|XY])* <E(X[*)E(]Y]?).
¢) Chebyshev-Markov: Let X be a real-valued RV, f : R — R' measurable and A € B.
Then
inf{f(z) :z € A}JP(X € A) <E (f(X)l{XGA}) < E(f(X)).

(Proof: inf{f(z) : * € A}l {x(w)ea} < f(X(w))l{x(w)ea} for all w. Now take expectation.)
Special cases:

flx)=2%a>0A=R\(~a,a): oP(|X|>a) <E(X?),
f(x)=2*,X =|Z —E(Z)| for some RV Z,a > 0,A = [a,0) : a’P(|Z —E(Z)| > a) < V(Z).

(1.18) Exchange of limit and integration

Let (X,) be a sequence of RVs.
a) Fatou: X,, > 0 = liminf, , E(X,) > E(liminf, . X,).
b) Monotone Convergence: If 0 < X,, 7 X, then E(X,,) ~E(X).

c) Dominated Convergence: If X,, — X almost surely (a.s.), and if |X,,| <Y a.s. for some
integrable RV Y, then E(X,,) — E(X).

(1.19) Independence

a) Two events (= measurable sets) A, B are independent if
P(AN B) =P(A)P(B).

We write A L B.

b) Two collections F and G of sets are independent if

VAe FYBeG: P(ANB)=PAPB).
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We write F L G. The most important special case is when F and G are o-algebras.
c) Two RVs XY : (Q, F,P) — (', F') are independent if
VA, BeF : P(XeAYeB)=PXeAPY €B).
We write X L Y.
d) Fact:
XLY & oX)LoY) e E(f(X)g(Y)) =E(f(X))E(g(Y)) Vf,g bounded and measurable.

e) A family (A;);er of sets A; C F, with some index set I, is independent (or: an independent
family of sets) if for all finite subsets {i1,...,4,} C I, we have that

k=1 k=1
f) A family of o-algebras G;, i € I, is an independent family of o-algebras (or: independent) if
e) holds for each choice of sets A; with A; € G;.

g) A family of RVs X;, i € I, is called independent family of RVs (or: independent) if their
o-algebras G; = o(X;) are independent.

(1.20) The m-A-Theorem
a) A m-system is a collection A C P(€) of sets with the property that
A Be A = ANBeA

b) A A-system is a collection £ C P(2) of sets with the property that

(i): Qe L.

(i) ABeL,BCA = A\BeL.

(iii): A, € L,n e N, with A, 1A = AecL.

c) Theorem: Let A be a m-system and £ be a A-system. If A C £, then also 0(A) C £. An
important special case is when L is itself a o-algebra.

d) Consequence: If A;, ..., A, are m-systems and Ay, . .., A, are independent, then o(A4;),...,0(A,)
are independent. (proof: exercise!)

e) Application: For a real-valued RV X, the system {X ((—o0,c)) : ¢ € R} is a m-system.
(Reason: the inverse image map preserves all set operations!) Therefore, two real-valued RVs
X and Y are independent if and only if P(X < a,Y <b) =P(X < a)P(Y <b) for all a,b € R.

(1.21) Independence and Distribution
a) Theorem: If X;,..., X,, are RVs and Px, = p;, then the X; are independent if and only if
Pix,,.x,) =t ®...® iy, (product measure!).

b) Consequence: Let X;, i = 1,...,n, be independent real-valued RVs and pu; probability
measures on R with X; ~ p; for all i. If b : R — R is either positive or has E(h(Xy,...,X,,)) <
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oo, then

B X0 = [ B i) ).
c) Special case of b): h(zy,...,z,) =[], fi(z;), then

d) For f;(z;) = z; and n = 2 in ¢), we get
E(XY) =EX)E®Y) (%)

RVs having the property (x) are called uncorrelated. As we have seen, independence implies
uncorrelation. The converse is usually not true.

e) Notable exception to the last statement: if X and Y both have a Gaussian distribution, then
X, Y uncorrelated implies X, Y independent.

(1.22) Sums of Random variables, convolution

a) If X and Y are real RVs, and if (X,Y") has a Lebesgue-density (z,y) — p(z,y), then X +Y
has a Lebesgue-density f_oooo p(x —y,y)dy. We write

o0

Z=X+4Y ~ (/ p(z—y,y)dy)dz.

—0o0

(Proof: calculate P(X + Y < a) using (1.16 a).
b)If X LY, X ~ f(x)dz, Y ~ g(x)dx, then
z=x+Y ([ 1wty

We say that the density of X + Y is the convolution f x g, with

fro)= [ " Fe— )gly) dy.

of the densities of X and Y. Note that even though the formula does not look symmetric in
f and g, we do have f x g = g« f. This can be seen by a change of variable in the defining
integral.

(1.23) Limsup and Liminf

Let A,, C ) for all n.

a) imsup,,_,o A, = lim,, 0o U2, An =, Uoo, Ap = {w : w € A, for infinitely many n}.
b) liminf, oo Ay i=limy, oo (oo, An = U e, An = {w : w ¢ A, for only finitely many n}.
c) We have that liminf A, C limsup A,,, and that 1y sup 4, (w) = limsup 14, (w) for all w, where
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the last limsup is just the definition from real analysis. Same for liminf.

d) Sometimes we write
P(limsup 4,,) = P({w : w € A, infinitely often} = P(A,, infinitely often) = P(A4,, i.0.).

(1.24) First Borel-Cantelli Lemma
Let A, € F for all n.

If ¥ P(A,) <oo then P(A,io.)=0.
n=1

(1.25) Second Borel-Cantelli Lemma
Let A,, € F be an independent family of sets, Then

Z]P’(An) =00 implies P(A, i0.)=1.
n=1

(1.26) Weak laws of large numbers
Let (X,,) be a collection of real-valued RVs. Let S, := %Z?:l X;.
a) If the X; are independent and identically distributed (i.e. Px, = Px; for all 4,7), and if
E(X?) < oo, then for all § > 0
,}E{}opﬂgn —E(Xy)] >9d)=0.
b) Stronger version: if all the X; are uncorrelated, and if their variances are uniformly bounded,

i.e. v :=sup, V(X;) < oo, then for all positive sequences (g,,) and all n € N we have

n

B(| S0 - B 22 <

n

(%

: ne?

=1

For suitable ¢,, this can be turned into a weak law of large numbers.

c) L'-version: Let the X; be pairwise independent, and identically distributed. Assume that
E(]X;]) < co. Then for all § > 0,

lim P(|S, — E(X;)| > 6) = 0.

n—o0

We also did a strong law of large numbers and a central limit theorem in the last semester,
but we will do them again, slightly better and/or differently. So they do not appear in this
revision. The last thing is an overview over the types of convergence for random variables.
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(1.27) Types of convergence for random variables
Let (X,,) be a sequence of R¥-valued random variables. We say that

a) X, — X almost surely (a.s.) if P(limsup,,_, ., |X, — X| >0) =0.
We write X,, — X a.s. in this case.

b) X,, — X in probability if for all § > 0, limsup,, . P(| X, — X| > J) = 0.
We write X, 25 X in this case.

c) X, » X in P f E(|X, — X[|?) — 0.

We write X, % X in this case.

d) X,, — X in distribution if the image measures Py, converge weakly to Py, i.e. if
/f(x)]P’Xn(dx) — /f(x)IP’X(dx) for all bounded and continuous functions f.

In probabilistic notation, the last condition reads
E(f(X,)) = E(f(X)) for all bounded and continuous functions f.

We write X,, = X, or Px, = Px in this case. Convergence in distribution is the only type of
convergence where the X,, do not need to be defined on the same probability space.

We end this section by giving all the relations between the different types of convergence.
Some of them have been done in the last semester, but we will prove all of them now.

(1.28) Theorem
Let (X,) and X be Rvalued random variables.

a) Assume X,, — X in probability. Then
(i): X, = X;
(ii): there exists a subsequence (X, )ken that converges to X almost surely.
b) Assume that X, = X, and P(X = ¢) = 1 for some ¢ € R? (in other words, the image
measure of X is a Dirac measure). Then
(i): X, = X in probability.
c¢) Assume that X,, — X a.s. Then
(i): X,, — X in probability.
(ii): X, = X.
(iii): if in addition E(|X|?) — E(|X]), then X,, — X in LP.
d) Assume X,, - X in LP. Then
(i): X, = X in probability.
(ii): X, = X.
(iii): there exists a subsequence (X, )ren that converges to X almost surely.
(iv): X, » X in L for all 1 < g < p.
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Proof: a) we start with part (ii). By assumption, we can pick an increasing sequence of
integers (n;) with the property that P(|X,, — X| > 1/k) < 1/k*. We set Ay := {|X,,, — X| >
1/k} and find that Y ;-  P(A)) < co. Therefore by Borel-Cantelli, P(Aj i.0.) = 0, and thus

IP(kh_)rgo | Xy, — X|=0) >P(| X, — X| > 1/k only finitely often) = 1 — P(A i.0.) = 1.

This proves (ii). For (i), assume that X,, 7 X. Then there exists f € Cj, 6 > 0 and a sequence
(nj);en so that

(+)  |E(f(Xy)) —EfX)[ >0 V).
Since however X, — X in probability as j — oo, we have just proved the existence of
a subsequence X, of X, that converges to X almost surely. Since f is continuous, also
f (ank) — f(X) almost surely, and since f is bounded, dominated convergence now implies

k—oo

[E(f(Xn,;, ) — E(f(X))| — 0. This is in contradiction to (*), so we conclude that X,, = X.
b) The function

1 if v —¢c|>e¢
lz=c|

‘RIS RE,
g 0 { if |x—c|<e

is continuous and bounded, and therefore
lim P(| X, — X| > ¢) < lim E(g.(X,)) = 0.
n—o0 n—oo

c) We start with (i). Put A, := {|X,, — X| <e}. Then
liminf A, ={3Im e N:Vn > m:|X, — X| <&} = {limsup | X,, — X| < e}.

n—o0 n—oo

So by assumption, P(liminf A,)) = 1, and with Y,, = 14, therefore E(liminf Y,,) = 1. Therefore,

Fatou
limsupP(| X,,—X| > ¢) = 1-liminf P(| X,,— X| < ¢) = 1-liminf E(Y,) < 1-E(liminfY;,) =0.
n—oo n—oo n—o0 n—o0
So X,, — X in probability. By a), then also X,, = X.
For (iii), note that | X,,— X P < 2P(| X, [P+|X|?), and so Y}, := 2P(| X,,|P+| X |?)— | X,,— X|? > 0.
Also, liminf, .., Y, = 2P7!|X|P almost surely. Thus,

Fatou
2PHE(|XP]) — limsup E(]X,, — X|?) = liminf E(Y,) > E(liminfY,) = 2?"'E(]X?),

n—oo n—oo
and the claim follows.
d) (i) is shown by

Chebyshev 1 00

(X, ~X|2e) < SE(X,—X])"=F0.

(ii) now follows from a(i), and (iii) from a(ii). For (iv), let ¢ < p, and set p = 2

,q = p%q. Then
1/p+ 1/ =1, and Holders inequality gives for all random variables Y that

1Yl =E(Y)?- 1) SE([Y|")PEQDYT = E()Y )7 = ||Y]|3,
so |Y|l, < |V, if ¢ < p. Applying this to Y = | X, — X| shows the claim. O
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(1.29) Diagram

The following diagram summarizes all the relations of the previous theorem.

o EX)= LX)
& -\

(1.30) Warning

Note that since  — z and x ~ 2? are not bounded functions, convergence in distribution
does not imply that E(X,,) — E(X) or V(X,,) — V(X). To assume this is a very tempting and
common mistake.

2. Sums of independent random variables

We are now interested in what happens when we take infinitely many independent random
variables and sum them up. We start by making sure that there exist a probability space that
is large enough to define all those independent random variables.

Part 1: Existence of countably many independent random variabes

(2.1) Infinite products of measurable spaces

a) Let (€;,G;), i € N, be measurable spaces. The set

Q=0 xQy x...:= @QI = {(wi)ieN Tw; € Qz\V/l}
=1
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is called the direct sum of the sets 2;. We define the o-algebras
Fay ={ x - x Qg X AX Qpys x ...t A€ Gy}

and n o)
nt:O'(U]:{j}>, ]:5:‘7<U]:{j})’
j=1 j=1

Recall that if A is a collection of sets, then o(.A) is the smallest o-algebra containing .A.

b) The o-algebras F,, have the property that ; C F» C .... Such a collection of o-algebras is
called a filtration. It will become important later in the lecture when we discuss martingales.

¢) In most examples, all the (€2;,G;) are the same. Then we write

o0

P =, F=g"

=1

Note that even in that case, Fy;y # Fyjy if @ # J.
We now work towards proving the existence of independent RVs. The first step is

(2.2) Proposition

Let Q = {0, 1}, F = P({0,1})®N. There exists a probability measure ;1 on 2 with the property
that for all ¢ = (q1,...,q,) € {0,1}", we have

p({w € {0, 1} 1wy = ¢; Vi <n}) =27"

Proof: Consider the probability space ((0, 1], B((0, 1]), A) where A is the Lebesgue measure. For
x € (0, 1] consider its unique non-terminating dyadic representation:

xr = Zqﬂ_i with ¢; € {0,1},limsupg; = 1.

i=1 1—>00
(e.g. 0.1 is represented with ¢; = 0 and ¢; = 1 if j > 1.) Now define the random variable
f00,1] = {0, 1}, 2= (g:)ien-

f is indeed measurable because
Fra) % Aay < 0,13 = (D g2 Y a2 +27" e B,
i=1 i=1

and the sets {¢1} % ... {q.} x {0, 1} generate F, for each n, and therefore generate F when
we consider all n. Now we can use (1.11). Since g = Ao f~!, the claim is shown. 0J

(2.3) Corollary
A sequence of independent Bernoulli(1/2) random variables exists.

Proof: Take Q) as in (2.2) and X;(w) = w;. Then for each finite set i1, . .., i, of different integers,
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and all ¢q,...,q, € {0,1}, simple combinatorics give

n

WX, =qu, ... Xi, = qu) = ,u({w € {0, 1}V w; = q;Vi < n}) =2""= H,u(Xij =q;).
i=1

This shows independence and B(1/2)-distribution. O
The following Lemma goes the opposite way as (2.2):

(2.4) Lemma
Let p be defined as in (2.2), and let

g {0, 1N = [0,1),  (gi)ien = Y a2
=1

Then p1og=! = N 1.

Proof: ¢ is ’almost’ equal to f~! with f from the proof of (2.2). The only difference is for
sequences ending in 0,0, .... We have

9—1<[Zqz~2—i’Zqi2—i + 2_n]> ={q} x{g} x - x {g.} x {0, 1}N c F.

Since the intervals generate B, g is measurable, and

o g*l([z 27> a2+ 2*"}) 9= A([Z @2 a2+ 2*”}).
i=1 i=1 i=1 i=1
Since the closed intervals form a N-stable generator of B, the m-A-Theorem implies that

pog (A =XA) forall AcB.

The last Lemma can be used to prove the existence of infinitely many real-valued RVs:

(2.5) Proposition

a) Let Q = [0, 1], F = B([0, 1])®N. There exists a measure )\%ﬁ] on 2 with

n

(%) Agﬁ]([al,bl) X - X [, bn) X [0, 1]N) =TI —a)

i=1
for all 0 < a; < b; < 1. Consequently, there exists a sequence of independent U|0, 1]-distributed
(i.e. uniformly distributed on [0, 1]) RVs.

b)Let @ = RN, F = B®N. Let u;, i € N be probability measures on R. Then the product
measure Q.- i, i.e. the unique measure with

n

®,ui<[a1,b1) X+ X [ap, by) X RN) = H,ui([ai,bi)) Va; < b;

=1
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exists. Consequently, a sequence of independent RVs X; with X; ~ p; exists.

Proof: Let pi, ps, ... be the sequence of prime numbers, and consider the map

G {0, 1" = [0,1]",  (gi)iew = Zq i277) oy = (0.02qa08q16 - - 0-q3G9Ga7 - -+, 0-q5a5G125 - - -

where in the last expression we used binary digits. You should check as an exercise that G is
measurable with respect to the product o-algebras. Since no g; is used twice (many are not used
at alll), each component of G has the same distribution as g from (2.4), and the components
are alle independent. This proves a).

For b), consider the distribution function transform: Let F; be the distribution function of p;,
and put

fi(x) :=sup{z € R: Fi(z) < z}.
Then you can (and should) check that p; = Ap1j0 f;'. So, we can apply this transform to each

coordinate of the measure in a) and prove b). 0J

Nomenclature We will write iid for 'independent, identically distributed’.

Part 2: Strong laws of large numbers

We have already shown the following strong law in the previous course:

(2.6) Strong law under fourth moment condition

Let (X,,) be a sequence of iid random variables, and assume E(X;) = p and E(X}) < oo for all
t. Then

lim — Z X = almost surely.

n—oo 1

The next theorem (the main result of this subsection) states the same convergence under
weaker conditions.

(2.7) Theorem: Strong law of large numbers

Let (X;) be pairwise independent and identically distributed RVs, with E(]X;|) < co. Then

lim — Z X, = almost surely.

n—oo N

Proof: We do the proof in several steps.
Step 1: Truncation. Let Y, (w) := X, (w)1{x,| < n}, and

= zn:X T, = zn:Y
=1 =1

PRI
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We claim that

lim T = p a.s. implies  lim %Sn = [ a.s.
TL*)OO n—oo

Indeed, we have

SOP(X > k) = SOP(X] > K) < / P(|X,| > ) dt = B(|X]) < oo,
k=1 k=1 0

and so the first Borel-Cantelli Lemma implies that with A := {Y,, # X, i.0.}, we have P(A) = 0.
It follows that for all w ¢ A, there exists N(w) < oo with

N(w)

sup |S ( Z Xk 1{\Xk (w)|>k} < O0.

neN

This implies that
lim |17,(w) — 1S, (w)| =0

for all w ¢ A and finishes step 1.
Step 2: We prove the estimate

S V0D ymx)) < oo,

k2
k=1
which we will need shortly. We start by computing

(1.16€)

V(i) < E(rP) ML / WP(|Yi| > y) dy < / WP(IX1| > y)Liy < s dy.
0 0

So summing over k£ and using Fubini (everything is nonnegative!) gives

0 I [l =2 [ (Zk21{y<k}) (1] > y) dy.
k=1

k=1

A little analysis gives that for y > 1,

and for 0 <y < 1,

— 1 —~1
k=1 k=1
Using this and (1.16 e) with p = 1 in (%) shows step 2.

Step 3: We now prove the claim for the 7},, but for the moment only along a subsequence. Let
k(n) = |a™] with some a > 1. Then by the Chebyshev inequality, for each € > 0,

ZP(m(n) —E(Ti)| > eh(m) < 3 “gg_w _

n=1
1 [e%S)
— —2 E_

=
3

k(n) = m

E
I
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In the last step, we re-ordered the sum of nonnegative terms. Since o™ > k(n) > o"/2, we have

1 o A =, 4
2. GeE St 2 oS s 0= ey

n:k(n) = m n:a” > m n=0

We conclude that, by step 2 and our calculations,

> P(|Tem) — E(Tkmy)| > £k(n)) < 1 > Vo) <5 10 E(|X1]) < oo.

— e(l—a™?) ==~ m’ e2(1 —a™2?)
By Borel-Cantelli, this means that for each € > 0,

1 .
P(my:ﬁk(n) — E(Tymy)| > € i.0.) =0,

and so in particular with

1 1
A, = {w e llinjogp k(n)lTk — E(Timy)| > E}’
we find P(N),, A%,) =P((U,, An)) =1 -P(,, An) = 1->_,, P(An) = 1. So,
1 1 1
ﬂ AS, = {Vm : lim SUp -~ Teny — E(Thm))| < } {hm sUp -~ Ten) — E(Thny)| = 0}.

Flnally, limy o E(Y;) = E(X3), and for any sequence (a,) such that a, — a we have that
limpy_ye0 + SN a, = a (exercise!). Applying this to the sequence E(Y;) gives

1 &
hm —E(T( k(n )) = hm k—z:: )

n—00 k’( ) n—00

We have finished step 3.

Step 4: We now prove the full claim, but only for nonnegative RVs. If X;(w) > 0 for all 7 and
all w, then also Y;(w) > 0 for all i, w. Therefore with k(n) as in step 3,

Tiw(@) _ Tn(w) _ Thman(W)
kEn+1) > m k)
for all w, all n, and all m € [k(n), k(n + 1)]. Since k(n + 1)/k(n) — a as n — oo, we find a.s.

1
—E(X;) < liminf I= < limsup 2= < oE(X)).
a

m—00 m—00
Since o > 1 was arbitrary, the claim holds for all nonnegative (X,,).

Step 5: For general (X,,), we just decompose into positive and negative part: X,, = X,, + — X, _.
By step 4, the claim holds for X,, + and so also for X,,. O

The strong law also holds in the situation where E(X;) = +o0:

(2.8) Theorem

Let (X;) be iid with E(X; ;) = oo, E(X;,_) < co. Then with S, = " | X;, we have lim 2.5, =
+o00 almost surely.
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Proof: Let XM(w) = min{X;(w), M}, and S¥ =>"" | XM. Then almost surely,

Sn
liminf — > lim SM(27 (XM,

n—oo M n—oo 1

By monotone convergence, E(X},) — oo as M — 0o, and since E(X{" ) = E(X;_) < oo, the
claim follows. OJ

Next we give a few applications for the strong law of large numbers.

(2.9) Example: Renewal Theory

Let (X;) be iid RVs, with 0 < X; < co. We interpret X; as the waiting time between two events,
e.g. the time it takes between two clicks of a Geiger counter. Then

S RE
i=1
is the total time it takes before we see the n-th event, and
Ny(w) :=sup{n € N: T, (w) < t}

is the total number of events up to (and including) time ¢. We want to understand how N;
behaves for large t¢.

(2.10) Theorem

In the situation of the example above, write p := E(X;) < oo. Then

N 1
lim — = — a.s.
t—oo "
Proof: By definition of N;, we have for all w € €2
Nt(w
TNt w) Z Xl t < TNt(UJ)+1( )
=1

and thus
() ThwWw) _ ¢ Tnyw)+1(w) Ne(w) + 1
Ny(w) ~ Ny(w) = Ny(w)+1 Ny(w)
Since X;(w) < oo for all w, we have that lim;_,o, Ni(w) = oo for all w. By (2.7) or (2.8), there

is a set 2y with P() = 1 and T”T(“”) — u for all w € Qy. Then on €2y, the left hand side and
right hand side of (x) both converge to p. The claim follows. OJ

(2.11) Remark and Exercise

In the previous proof, we used the fact that if X,, — X a.s., and if N, — oo a.s., then also
Xn, = X a.s. This becomes false when we replace the a.s. convergence of X,, by convergence
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in probability. Exercise: give an example of a sequence (X,) with X,, € {0,1}, X, — 0 in
probability, N(n) = oo a.s. and Xy — 1 a.s..

(2.12) Empirical measure and empirical distribution function

Let (X;) be real random variables. We write §, for the Dirac measure at € R. The map 2 —
(probability measures on R),

1 n
O n Z 5X1-(w)
i=1

(i.e.: the random probability measure p,,) is called the empirical measure of the random variables
X1, ..., X, pn 1s the normalized histogram of values that we have obtained by observing the
first n of the X; for the choice of randomness w.

The distribution function £}, of p,, i.e. the random function w — F, ,, with

1 n
Frw(@) = pnw((—00,z]) = n Z Lixyw) <2}
i=1

is called the empirical distribution function of the X;. F, ,(x) is the fraction of values < z
that have been observed after n observations of the X, for the particular incarnation w of the
randomness. If the X; are iid, then the RVs Y; = 1, <, are iid and integrable. Therefore by
(2.7),

1, oo
Fou(z) = ngz Y EY) =P(X; < x) = F(x),
=1

almost surely. The following result shows that convergence is even uniform in z.

(2.13) Glivenko-Cantelli theorem
In (2.12), assume that the X; are iid, and let F' be the distribution function for X;. Then

lim ||F,, = Floc = lim sup |F,,(z) — F(z)|=0 as.

Proof: Pointwise convergence has been shown in (2.12). By the same argument as there, we
can set Z, = l{x,<,} and find

. 1~ noo .
Fulw=) = lim Fu(y) = - > Zi S E(Z) = lim F(y) = F2—)
i=1

almost surely, for each fixed x. Now choose k € N, then there is a set Q; with P(€;) =1 and,
for each w € Q) a number N(w) € N so that with z;, =inf{y e R: F(y) > j/k},j=1, ...,
k-1, g, = —00, 7} = 00, we have

max{|F, () — F(zj)] :0<j<kn>Nw)}

N

and
max{|F,,(zjx—) — F(z;e—): 0<j<k,n>Nw)} <
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Let © € (zj_14, ;) for some 0 < j < k. Since F' is monotone and F(z;,—) — F(zj_14) < 1,
we find that for all w € %, all z € R and all n > N(w):
Fn,w(x) < Fn,w(xj,k’_) < F(xjyk_> + % < F(xj—l,k) + % < F(f) + %7
and

Frw(@) 2 Fow(@joie) = Flejap) — 5 = Floje—) — 2 > F(z) — 2.

We conclude that limsup,, o || Frw — Fllo < 2 for all w € €. Consequently, for all w € Q =
Nien 2k, we find that limy, o | Fw — Flleo = 0. Since P(2) = 1, the result follows. O

Part 3: Large Deviations

(2.14) Motivation
Let (X;) be iid integrable RVs, S, = > ;| X;. By the weak law of large numbers,
lim P(|1S, —E(X1)| > a) =0
n—oo
for all @ > 0. We are now interested in the rate of convergence, i.e. how quickly IP’(|%S,L —

E(X1)| > a) decays to zero. Since in applications, we always have large but finite n, such an
information is often more valuable than just the convergence.

We will find that under mild conditions, the decay is exponentially fast, and we can give
an (usually implicit) formula for the rate of exponential decay. We concentrate on the case
E(X;) = 0 and the expression P(1S5, > a). The case of E(X;) # 0 and P(+S, < —a) can then
be easily deduced from our results.

(2.15) Existence of exponential rate
Let (X;) be a sequence of iid random variables. Then, with S,, = > | X;, the limit
v(a) == lim £InP(=S, >a) =sup + mnP(+S, > a)
n—o0 neN

exists for all @ € R and is in [—o0, 0]. Furthermore, y(a) = —oo if and only if P(X; > a) = 0.
Proof: Let m, := P(£5, > a) = P(S, > na). If P(X; > a) =0, then P(S,, > na) = 0 for all n
and v(a) = —oo. Let now P(X; > a) > 0. S, and S, 4, — S, are independent, and thus
Tonaem = P(Spam = (n+m)a) = P(S, > na, Spym — Sn = ma)
=P(S, = na)P(Spim — Sn = ma) = m,m, > 0.

So taking logarithms (In is monotone!) we find with v, := In7,, Vmin = Yn + Ym. By the lemma
below (with ~,, = —z,,), this shows that lim,_, . %'yn = SUP,,cn %% exists in (—oo, oo and is in
particular not —oo. Since m,, = ]P’(%Sn > a) < 1, the limit is < 0. O

The next lemma is needed in the proof above. It is so frequently useful that it deserves its
own number.
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(2.16) Subadditive Lemma, or Fetekes Lemma
Let (z,) be a sequence that is subadditive, i.e. such that
Tptm < Tp + Ty Vn,m € N.

Then

. Tn . Ty,
lim — = inf —
n—oo 1, neN n

exists in [—00, 00).

Proof: Fix m € N, and write n > m in the form n = km + [, k € N, with 0 <[ < m. Then

T < Tpm + Ty <x(kz—1)m+xm+xl = ... = kxm—’—xl
Thus
Tn kT, X km x, % _ X, I
g mm ol mog b mmo 2l
n n n km+lm n m o n
Taking lim sup,,_,., and using that [ = [(n) < m, we find that
x x
limsup — < —2
n—oo N m

for all m € N. Taking now inf,,,cy and lim inf,,, ,, in the equation above, and using that % < oo,
shows all the claims. O

(2.17) General large deviation estimate

Let (X;) be iid integrable RVs, E(X;) = 0, and define v(a) as in (2.15). Then the function
a — ~y(a) is concave on [0,inf{a : y(a) = —o0}), and for all n € N|
(%) ]P)(%Sn >a) < em(@) — g—nlv(a)|
Also, v(a) =0 if a <E(X;) =0 and y(a) = —o0 if P(X; > a) = 0.
Proof: Equation (x) follows from (2.15):
1 1
—InP(£S, > a) < sup—InP(LS,, > a) = y(a)
n m m
for all n. Now rearrange. The two statements after () are also clear, the first one follows from
the law of large numbers. To see the concavity, note that the same trick as in the proof of (2.15)
gives
P(Sgm = pma + (g — p)mb) =2 P(Spm = pma)P(S(g—pm = (¢ — p)mb),
for all p,q € N with ¢ > p and all a,b € R. With A = p/q, this means that
1

1
o InP( 1 Sgm = Aat(1-A)b) > )\% I P(o-Spm > a)+(1-2)

InP Stg—pym = b).
mn( (g—p) )

1
(g—p)m

1
(¢ —p)
Taking the limit m — oo on both sides above shows
Y(ha+ (1= W)b) > M(a) + (1 - N)(b)

for all rational A € (0,1). Since a — 7(a) is monotone, it is easy to extend this to all real A. [
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The existence of some y(a) is nice, but more interesting is to actually compute its value; in
particular, if y(a) = 0 then (2.17) is not very useful. We calculate y(a) in two special cases.

(2.18) Example: Normal distributions
If X; ~N(0,1) for all 4 in (2.17), then S,, ~ N(0,n) and thus

P(S, = an) = P(X; > av/n 22 Qg

=75 Lt

An important fact about the Gaussian density (exercise!) is that

;6_02/2 < /Oo e_x2/2 dx < 16_02/2
c+1/c .

for all ¢ > 0. Therefore

for all a > 0.

(2.19) Example: Coin flips
IfP(X;=—-1)=P(X; =1)=1/2 for all ¢ in (2.17), then for a € [0, 1]

1—a

(%) 7@%—MHEMsz>mw——(1;“mu+ay%

n—oo M

In(1 — a)).

For a > 1, v(a) = —oo0 as we know from (2.17). Note that y(1) = —In2 (convention: 0In0 =
lim,pzlnz = 0), so v is ’discontinuous’ at @ = 1. To prove formula (x), note first that the
case a = 0 is clear. For 0 < a < 1, we have

- n
P(S,, > =27 E )
( an) <k‘)
k=|(1+a)n/2+1]

Since (}) < <L(1+a)7:1/2+1j) for a > 0 and all k > [(1+ a)n/2 + 1], this means that

Tn(m + a)ZL/Q + 1J> S PS> an) < (n+ 1)2%({(1 +a)T7Lz/2 + u)'

This already shows that

1 1 n
lim —InP(S, > = —In2+ lim —1 ,
Nim = InP(S, > an) = —In2+ lim n(m+a>n/z+u)

since the term %ln(n + 1) on the right hand side above disappears in the limit. The rest is a
direct calculation using Stirling’s formula:

1
lim —n"e " vV2mn = 1.

n—oo 1!

We now want to give an (abstract) general formula for v(a). We need the following definition:
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(2.20) Definition
For a random variable X, the function
ox R = (0,00], 0 ox(0) :=E(")

is called the moment generating function of the random variable X.

Note that px(0) = 1 always, but it is possible that ¢ x(0) = oo for all § # 0. Our first result
is an upper bound for ~y(a).

(2.21) Proposition
In the situation of (2.17), with ¢(0) := ¢x,(#), we have
v(a) < —sup{ad —lnp(d) : 0> 0.}
Proof: If p(0) = oo for all § # 0, then the supremum above is taken at # = 0, and the statement
is v(a) < 0, which is trivially true (and useless). So assume now that ¢(6) < oo for some 6 > 0.
Then by Chebyshev’s inequality,
" P(S, > na) < E(e5) B E(1 )" = o(6)".
Thus,
P(S, > na) < ¢ 0a-ne0),
and taking lim,, % In on both sides shows
—v(a) = 0a — Inp(0)

for all #. Taking the supremum over 6 on the right hand side of this inequality shows the
claim. ]

(2.22) Remark

Consider 0, := sup{f : ¢x(0) < oo} and 0_ := inf{f : px(0) < co}. One can show that if
0, > 0, then In px(+) is finite and convex on (6_, 60, ). For a general function F': (0_,0,) — R,
the function

ar Lp(a) :=sup{ad — F(0):0_ <0 <0,}
is itself convex on (a_,a4), with a_ = inf{a : Lr(a) < oo} and ay = sup{a : Lp(a) < oco}.
(You can prove these statements as an exercise.) So the next Theorem says that in good cases,
the exponential decay rate of P(%Sn > a) is exactly the Legendre transform of px at a.

(2.23) Cramérs Large Deviation Theorem
Let (X;) be iid RVs with E(X;) = p € R, S, => " | X;, and assume in addition that
(%) VOER: ¢f) =E(e) < 0.
Then for all a > p,
lim LInP(£S, > a) = —Ly,(a) = —sup{ad —Inp(0) : § € R}

n—oo
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In the context of (2.17), this means that y(a) = —Lin(a).

Proof:

Step 1: 1t is enough to show the claim when a = 0 and g < 0. Namely, with ¥; = X; — a we
have E(Y;) < 0, and P(S,, > na) = P(3>_1_, Y; > 0). On the other hand, px, (0) = e ¢y, (),
and therefore Ly, (@) = Lingy, (0). This shows the claim of step 1. Note that with a = 0 our
claim takes a simpler form: we need to prove that

(xx) nh_)m L ImP(S, > 0) =inf{lnp(9) : 0 € R} = ln(égﬂfggo(@)).

The last equality is because ¢ > 0 and In is monotone.

Step 2: Assume from now on that E(X;) < 0 and a = 0. By assumption (%), it follows that
E(]X;|Pe’ 1) < 0o for all p > 0,0 € R (exercise!). Therefore, Lebesgues differentiation lemma
implies that for all 8 € R,

O(0) =E(X; ) and ¢"(0) = E(XZe%1) > 0.
This shows that ¢ is strictly convex, and that ¢'(0) = E(X;) < 0.

Step 3: In the case that P(X; < 0) = 1, we have ¢'(0) < 0 for all 8, and limy_,o ¢(0) = P(X; =
0) (exercise!). Thus in this case,

InP(S, >0) =InP(X; =0vVlI<i<n)=hPX; =0)"=nlhP(X; =0) = nlnigfgp(@),

and the claim is shown (both sides above might be —o0).
Step 4: Assume now that P(X; < 0) > 0 and P(X; > 0) > 0. Then

lim ¢(0) = lim ¢(f) = oo

9= o0
(exercise!), and thus by strict convexity there exists a unique 6y € R with
©(6o) = min{p(0) : 6 € R}, and ¢'(6y) = 0.
So in this situation, we therefore just have to show that
(% % %) nh_)rrgo LInP(S, = 0) = In(¢(6)).
Since ¢'(0) < 0, we know in addition that 6y > 0. By Chebyshevs inequality, we find that
P(S, > 0) < P(e® > 1) <E(e%% ) = p(hy)",

so we know that < holds in (x x *); in fact, we knew this from (2.21) already.

We now need to prove > in (x * %) The trick is to change from the random variables X
where P(S,, > 0) vanishes exponentially fast to different random variables X; and S, = 327 | X;
where InP(S,, > 0) remains finite, and to do this in a controlled way so that we can extract
the leading order of = InP(S, > 0) easily from the new expression. The correct way to do this

is the Cramér transform: Let y = IF’Xl be the image measure of P under X. We fix 6 > 6,
and define a probability measure (!) & by

1 o
fude) = - ™ p(dx),
p
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where p = gp(é) is the normalization constant. Then let X; be a random variable with distri-
bution /i, and observe that its moment generating function ¢ is given by

5 1 e bz 1 )X, 1 R
§0) i= 3, (6) = 5 [ 7 " u(de) = SE(ON) =, (640)
p Jr p p
Therefore, by strict convexity of ¢,
. . . 1, 4 1
e=¢(0) :=E(X;) =¢'(0) = 590’(9) > 590/(90) =0,

and .
V(X1) <E(X}) = ¢"(0) = 580"(9) = < 00,

Note that ¢ — 0 when 6 — 6, by continuity of o
On the other hand,

P(S, > 0) = / w(dey) - plda,) =

B / (pe " )iu(day) - (pe ™ )u(day,) = p"E(e " 1ig - o),
{z14+..+zn > 0}

where S, = S X;. Thus,

1 1

—InP(S, >0) > Inp+ —

n n

1 ; . 1 1.

> Inp+—In(e?*P0< S, <2ne)) =Inp—20e+—InP0 < -5, < 2)).
n n n

In ]E( e—HSn 1{0 < S, < 2n€}) >

Since E(X;) > 0 and V(X;) < oo, the weak law of large numbers now shows that

1 A A ~
lim —InP(S, > 0) > Inp — 20 = Inp(f) — 20=

n—oo M
for all @ > 6. Since 6 — ©(0) is continuous and ¢ — 0 as 6 — 6, we can now take the limit
0 — 0, and obtain the claim. O

Remark: There are much stronger results on large deviations: it is possible to prove similar
results when ¢(f) < oo only for some ¢ instead of all, and it is also possible to formulate the
statement of Cramérs theorem with the help of so-called rate functions; in that form it can
be generalized away from just sums of real-valued random variables. We refer to the literature
(Klenke, Durrett, Deuschel /Stroock).

Part 4: The Central Limit Theorem, and Convergence of Probability measures

We have treated the CLT in the previous lecture, but we will re-prove it here with a technique
that is very important in its own right, namely characteristic functions. We will also use the
opportunity to learn many useful things related to the convergence of sequences of probability
measures.
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(2.24) Motivation

Let (X,,) be iid random variables with E(X;) =0, V(X;) =1, and let S, = > | X;. One way
to state the weak law of large numbers is to say that

lim ]P’(%Sn c (a’ b)) _ {1 if 0 e (a, b)

n—00 0 otherwise

which implies that the sequence of image measures P1¢ converges to the Dirac measure g at

x = 0 weakly. Now, the Dirac measure is a very borinng probability measure! Why do we not
see more interesting things?

Answer: because we killed them all by dividing through n. We should choose a different scaling
if we want to have a bit more fun with the limit. Which one should it be? Well,

V( —aS —2QZV —204—&—17

so the only candidate where the limiting variance is not zero (giving the Dirac measure) or
infinity (giving the zero measure or nothing at all, depending on your world view) is a = 1/2.

The aim of this part is to prove that the sequence of measures IP,-1/2g converges to some
non-trivial limiting measure p, and to identify p. We start with the 'identify’” part: We know
that two measures pu and v on R? are equal if u(A) = v(A) for all rectangles A built from
half-open intervals (they form a 7m-system generating B?). Alternatively, if we know that

6 EdD= [ S = [ 1) E,(f)

for all f € Cy(R?) (bounded, continuous functions), then we can approximate half-open rec-
tangles from below by such functions and prove (by monotone convergence) that this also
implies p = v.

Question: Do we really need (x) for all f € Cy7.
Answer: No! A dense subset is enough!

(2.25) Lemma

Let p, v be probability measures, and let F' be a dense subset of C,. If E,(f) = E,(f) for all
f € F, then y=v.

Proof: F is dense, so for h € C, and € > 0 there exists f € F with || f — hl|oo < e. Then,
By (h) =B (h)] < |Epu(h = )+ [Eu(f) = Eo (N + B (f = B)] < 1h = flloo + 0+ [ f = hllo < 2¢
Since ¢ was arbitrary, this shows E,(h) = E,(h) for all h € C}, and so p = v. O

Exercise: Show that (2.25) remains true if we only demand that the linear span of F' is dense.

(2.26) Theorem and Definitions
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Let u be a probability measure on R (or: X a real-valued RV). Then p (or Px) is uniquely
determined by

a) the sequence
Nonm— /az”u(dx) (or n— E(X™))
of its moments if we assume that p([a,b] = 1) (or: X € [a, b] almost surely) for some —oo <

a<b<oo.

b) its Laplace transform
RY 3¢ H/ e p(dz)  (or t s B(e¥) )
0

if we assume p(RJ) =1 (or X >0 a.s.).

c) its Fourier transform
R>t— / " pu(dx) =: @,(t),

or, characteristic function

R >t px(t) := E(e).
Proof: a) Polynomials are the linear span of the family F' = {x — 2™ : n > 0}, and they are
dense in compact intervals by the Weierstrass theorem.

b) The linear span of F' = {x — e~ :a > 0} is dense in C,([0,000)) by the Stone-Weierstrass
theorem after doing the one-point compactification of R* (details: Klenke).

c¢) will be a consequence of Theorem (2.29) below. O

(2.27) Examples for characteristic functions
a) X with P(X =1) =P(X = —1) = 1/2, then ¢x(t) =
b) X Poisson(\)-distributed, then

s(e’ + e = cost.

: — AP
_ itX \ __ itk —\ _ A(et-1)
ex(t) =E(e") = ]}:0 etet oy =e :

c) X ~ N(u,c?), then
ox(t) = TRt e R
1

V2no?
least for u = 0), but the 0% changes place from under the fraction line’ to ’above the fraction

line’ in the exponent.

When you compare this with the Gaussian density e 2z (Eh)’ , it looks rather similar (at

To prove this formula, we calculate

SO 1 R ' o 1 »
i :/ e T da= / s L o3 g,
—00 2mo? . /o
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where for the last equality we use the integral substitution z = (z — p)/o. Since the last
expression is equal to e py (to), with Y ~ N(0,1), it is enough to show the claimed formula
when p = 0,0 = 1. In this case, completing the square in the exponent gives

S 1 1.2 _2/9 1 & —(a—it)2/2
gpy(t):/ dt o2 dr =t/ — e~ @Y qy
o V2 V2T J

The final integral above is equal to one. It is tempting to 'prove’ this by the change of variable
z = x — it which reduces the integral to the standard Gaussian integral \/%7 Ik e /2 4z = 1.
However, change of variable in the complex plane is not that easy and often goes wrong. Here
it does work, but the argument must be that we deform the contour of integration (which runs
on the line {z + it : x € R} onto the real line, switching back to the original line only for very
large =, where the error we make is small. The details are left as an exercise.

d) X ~ Exp(«), i.e. with density p(r) = ae™** 11, > ¢3. Then

(07

t) =« e e dy = .
ex(t) /0 o —1it

(2.28) Properties of the Characteristic Function
Let X be a RV, ¢ = px its characteristic function (CF).
a) p(t) = E(cos(tX)) + iE(sin(tX)), in particular

p(0)=1,  @(=t)=p(), |p)] <E(e¥|)=1

b) t +— ¢(t) is uniformly continuous on (—o0, ).
Proof: We have

sup [o(t 4+ h) — ¢(t)] = sup [E( ¥ (" —1))| <E(|™ —1)).
teR teR

{

=

] <

The last expression converges to zero as h — 0 by dominated convergence. ([l
c) For a,b € R,
Gaxip(t) = E(MOXHD) ) = Gt F(l@X ) — gith ) (qp).
We have used this in example (2.27) ¢) in a concrete case.
d) If X and Y are independent, then

pxry(t) = E(e"H)) = E(e &) = E(")E(") = px(t)pr (2).

This property, which is shared by the Laplace transform and the moment generating function,
is very useful!

We can now prove (2.26) c), and more:

(2.29) Theorem: Fourier inversion formula
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Let 1 be a probability measure on R, and let ¢ be its characteristic function. Then for all a < b,

() o= lim / l(e’im — e )p(t)dt = u((a,0) + 3 (n({a}) + u({0})),

21 T—oo J_p it

and

1 : g —ita
umn—ﬁg&[ﬁ (1) dt.

In particular, if X and Y are RVs, and if ¢ x () = py(t) for all t € R, then Px((a, b]) = Py ((a, b])
for all a, b, and thus X and Y have the same distribution.

Proof: First note that & (e — e7) = fab e % dy, so the absolute value this expression is
bounded by b — a. We can therefore invoke Fubinis theorem and find

"1 —it —ith 1 —it —ith \ it
o= [ (e e pd= futan) [ (e = oo ar

_pit _pit
=: a;,,(z,T)
By symmetry,
T 1 . T 1
/ — et gt = / —sin(t(x — a))dt =
_p 1t 7t
T 1 T|z—al 1
= 2sign(z — a) / n sin(t|x — a|) dt = 2sign(x — a) / —sin(y) dy.
0 0 Y

As is often the case, the hardest part of the proof is to show some fun fact about special
functions or integrals (aka hard analysis’). Here it is the

Claim: For all R > 0, | [, Lsinydy — 7/2| <2/R.

Proof of the claim: We have

R 1 R o Fubini > R
/ —sinydy = / dy/ dz e ¥ siny = / dz/ dy e siny = (*x).
oY 0 0 0 0

Integration by parts (twice) gives

R R R
/ dye™ siny = —[e™¥* cos y](lf—/ dyze ™ cosy = —[e™¥* cosy|i—[ze ¥* sin y]gf—/ dyz*e Y% siny.
0 0 0

We rearrange and find

R
1
/0 dye™* siny = T 22(1 — e *fcosR—ze " sin R).

Since

1422

a direct computation now shows the claim.

< 1
/ dz = [arctan 2]° = /2
0
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Continuing with the proof, a simple calculation now shows that

2n ifa<z <)
Tlglgo Jop(z,T) =<7 if z €{a,b}
0 ifxz¢la,bl.

Now by dominated convergence, limy_, 517 = p1((a, b)) + $p({a,b}). The claim for u({a}) is
proved analogously and left as an exercise. O

We can now easily re-prove the following fact that we already know:

(2.30) Corollary
If X ~N(u,0?) and Y ~ N (v, k?), and if X LY, then X +Y ~ N (u+ v,0% + K2).

Proof: exercise. O

(2.31) Central limit theorem with cheat proof

Let (X,) be iid RVs with E(X;) = 0, V(X;) = ¢? < oo. Then %52?:1 X; converges in
distribution to a N'(0, o%)-distributed random variable Y.

Cheat Proof: Put S, = > | X;. We do the following computation with the characteristic
function of \/LHSH:

eiﬁ Z?:l X; ) (2'§d) E( eiﬁXl )n (”:1)
(1) ot o, N t? t3 n
4 E(l Him X = g X WR) — (1 +0— V(X)) + WE(R))

(M2),n—o0 7%152
— €

Ps,/ym(t) = E( (Taylor expansion, Ln is small)

= ey (t).
Since the characteristic functions uniquely characterize the measures, we conclude (!!3) that
\/iﬁSn — Y in distribution.

There are several shortcuts (or: cheats) in this proof.
(11): The Taylor expansion is not correct since X; is a random variable, so even if t/y/n is
small, t/4/nX;(w) might be very large for some w. Also, we seem to have hidden an X7} in the
term R, but we never assumed that E(X?) < oo. We will show in Proposition (2.32) below (by
Taylor expanding the function ¢g, / z(t) itself instead of e/v"¥1) that the equality with the
second expression of the middle line nevertheless holds.
(112): This seems trivial. We put a,, = —t2/2V(X;) +t3>n~/2E(R), remember that the logarithm
has the Taylor expansion In(1 + z) = z — 2?/2 + 23/3 — ..., and calculate that

In(1 + )" = nln(1 + =) :n(%+%+...)—> lim a, = a.

n—oo

But now we realize that a,, is complex valued, and very surprisingly, for complex z the fun-
damental equality In 2" = nln z is false in general! The reason is that in C, the logarithm has
many branches, and we can not be sure which one we should take. For example, when z = i
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and n = 2, then In 2? = In(—1) which is right on top of the standard branch cut of the In. We
will find a less elegant, but more correct way of proving (!12) in Theorem (2.33) below and the
two Lemmas following it.

(113) is where the real trouble starts. We have shown that equality of characteristic functions
implies equality of distributions. We have not shown that (pointwise) convergence of CFs im-
plies weak convergence of measures (or: convergence in distribution). To do this is not at all
trivial and will keep us busy for the remainder of this chapter (although we will also learn other
things along the way).

As promised, we start by solving problem (!!1). We actually do a bit more than that.

(2.32) Proposition
Let X be a real-valued RV.
a) If E(]X|") < oo for some n € N, then ¢y is n times differentiable, and

Oox(t) =E((1X)*e") VE<n
b) If n > 2 in a), then
px(s) = 1 +1sE(X) — SE(X?) +¢(s)s?

with limg_,ge(s) = 0.
c) Assume that there exists h > 0 with

() lim BE(X]) =
Then px is analytic on {z € C : [Imz| < h}, and
[e.e] i ,
x(t+5) Zskk|]E ("X X% VteR,V|s| <h
k=0
Note that the assumption (*) holds e.g. if E(el"X) < oo

Proof: a) Remember that by Taylors theorem, a function f is k times differentiable if and
only if there exist numbers a4, ... a1 so that

k! «— A ,
() Ju(t) = hm LR (f(t +h) — f(t) — jzl Oéjﬁ) exists,

and that in this case, a; = 0/ f(t) and fi(t) = 0F f(t). For the function f = oy, the natural
guess is that ; = E((iX)7 € ). Thus, the expression we need to control as h — 0 is

| -1 k—1

}Ijk (@X(t-f—h E ] 1tX ?:) :E<:]L 1tX oihX Z lh).( )
1 o

(. J/

??‘

.
Il
o
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For fixed » € R, we set u(z) := " . Further, let v (k, h,t,x) :== Rer(k, h,t,z) and ro(k, h,t, ) :=
Imr(k, h,t,x). Then

k! itz ihx k_ll j (7 Aihx lxk']'
rilk.h,t,x) = Re | o e (e -2 e +-0)) | = Re [et W (0eu) (&)
=

with —z < & (z) < x. The last equality is because the term in the brackets above is the
remainder term when doing the Taylor expansion of the function x +— wu(z) up to order k — 1.
Carrying out the differentiation gives that

r1(k, h,t,x) = Re [eim (iz)* eih&l(w)] )
Analogously, it follows
ra(k, hyt,x) =Im [ (ix)keih@(m)} with some —x < &(x) < .

Therefore 7(k, h,t, X (w)) — @ (iX(w))* as h — 0 for all w € Q, and |r(k, h,t, X| is
bounded by | X|¥ < 1+|X|"; the latter is integrable by assumption, and dominated convergence
now gives .

(1) = lim E(r(h k.1, X)) = E((LX)" )
—
Since fi(t) = OFpx(t) by (%), a) is shown.
b) We know from (xx) (with ¢ = 0 and h = s) and the proof of a) that

5—2!(90)((0 +5) =1 —isE(X)) =23 ¢4 (0) = —E(X?).
Therefore N
2e(s) := 8—5(90)((8) — px(0) —isE(X) + %E(X%) =9 .
Since

ox(s) =1 +isE(X) — %E(XQ) +e(s)s?,

b) is shown.

c¢) By assumption, E(|X|") < oo for all n, and by a), |0j¢x(t)| < E(|X|™) for all n and all t.
Therefore by assumption (x), the Taylor series of ¢ x around ¢ € R has radius of convergence at
least h. Thus ¢x can be extended uniquely to a complex analytic functionon {z € C : |[Imz| < h
with the claimed power series expansion. O

Problem (!12) in the cheat proof above is solved by the following statement about complex
numbers:

(2.33) Proposition
Let (¢,) € C with lim,, o ¢, = ¢ € C. Then

lim (1—|—C—n> = e“.
n—00 n

The proof uses two Lemmata of independent interest. We give them first:
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(2.34) Lemma

Let z1,...,2, and wy,...,w, be complex numbers with |z;| < 6 and |w;| < @ for some 6 > 0
and all 7. Then

sz HwJ’ 6" 12 |z; — wjl.
7=1
Proof: We use induction. For n=1 there is nothing to prove. If the claim holds up to n — 1,
we calculate

n n
‘ | | Zj — | | U}j
j=1 7j=1

n n
é‘zlnzj—hnwj + <
j=2 j=2
n n
<o|I1=-ITw
= =2

n n
99”72 Z |Zj — U)j’ + 9”71‘21 — "LU1| = ‘9”71 Z ’Zj — Wy|.
— i1

n n
lele—wllle
j=2 7j=2

1 Ind. hyp
+ 0"z —wi] <

0J
(2.35) Lemma
If be C, |b| <1, then |e® — (1+0b)| < |b]>
Proof:
Iblk s [ol* b1 S~ ok 2
[ = (1+b)] Z < Zk, 2%2 — |b]>.
0

Proof of Proposition 2.33: We use z; = (1 + %) and w; = /" for all j in Lemma (2.34)
and obtain

(1 _|_ Cn NS ma;X{|Zl|, |w1|})n_1 n |Zl - w1| = (*)

ij

We choose ng large enough so that for all n > ng, |c,| < 2|c¢| and |c,|/n < 1. Then |z| <
2|c|/n, and

cn/n c c (2.35) 2’C| H
il < oy = al +lal = e — @)+ 1] < (39) 41429

Therefore,
2lc 4lelP\" p—oo
mase{ |z Ju 1y~ < (1 20 DYooy o
since this time we have |¢| € R and e.g. the trlck with taking the logarithm that failed in
the cheat proof will work. Furthermore, we have already just seen that |w; — 21| < 2|c|?/n?.
Inserting this into (x) shows and taking the limit n — oo finishes the proof. O
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We now need to solve problem (!!3), which will need much more preparation. We need to
investigate weak convergence of probability measures (or: convergence in distribution) more
deeply. To be on the safe side, we repeat the definition:

(2.36) Definition

A sequence (p,) of probability measures converges weakly to a probability measure p if for all
bounded, continuous functions f,

lim fdun:/fdu.
n—oo

We write p,, = p. Note that by definition, a sequence of random variables (X,,) converges in
distribution to a RV X (we write X,, = X) if and only if the sequence of its image measures
converges weakly.

(2.37) Proposition

Assume X,, = X, and let F,, and F' be the distribution function of X,, and X, respectively.
Then F,,(z) — F(z) at all continuity points x of F, i.e. for all x so that F' is continuous at z.

Proof: Let

1 if y <,
Goc(y) =41 -2 ifr<y<az+e,
0 ify>axz+e.

Then g,. € Cy(R), and
P(Xn < x) = E(l(—OO,ac] (Xn>gm,E<Xn)) < E(gm,s(Xn>>a
and therefore
limsup F,(x) < limsupE(g, (X)) = E(g.(X)) K P(X <z +¢) = F(x +¢).

n—o0 n—o0

Since distribution functions are always continuous from the right, we can take ¢ — 0 and find
limsup,, ., F.(x) < F(z) for all z. Similarly,

liminf F,(x) > liminf E(g,—--(X,)) = E(gp—ve(X)) 2 P(X <2z —¢) = F(x —¢).

If = is a continuity point of F', we can again take ¢ — 0 and find liminf, . F,(z) > F(x). O

The next theorem is somewhat surprising: in (1.28) we have seen that convergence in dis-
tribution is in some sense the weakest form of convergence, it does not imply any of the others.
However, if the X,, are real-valued, and if we are prepared to abandon the probability space
that we are given for another one, we can make weakly convergent RVs even almost surely
convergent, which is quite a strong form of convergence. In detail:
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(2.38) Theorem

Let (X,), X be real-valued RVs with X,, = X. Then there exists a probability space (2, F,P)

and RVs (Y},), Y on  with the properties that

a) Y, ~ X, for all n, and Y ~ X (~ means they have the same distribution).

b) Y,, — Y almost surely.

Proof: Let F;, be the distribution function of X,, for all n < oo, with X, := X. We put
Q:=1(0,1), P:=X\oy), Ya(w):=sup{zecR:F,(z)<w}.

We will show that

a) For all n, Y,, has distribution function F,,, so Y, ~ X,.

b) A monotone function has at most countably many jumps.

¢) For all w such that Y., is continuous at w, we have lim,_,, Y, (w) = Yoo (w).

Once we have proved a) - ¢), the claim holds since then outside the countable (therefore measure
zero) set where Y, has jumps, the random variables Y,, converge.

Proof of a):

F,, monotone
= F,

Yow)<z o sup{r e R: F,(z) <w} <z W+ L) >wVmeN

Swe(0,F(z+5)]VmeN & we (0,F,(2)].
Therefore,
P(Y, < 2)=X0,1)((0, F(2)]) = Fu.(2) = P(X,, < 2).
Proof of b): Let f : R — R be monotone increasing. For z € R, let

a; :==sup{f(z) : z <z}, by :=inf{f(2): 2>z}
Then a, < b, < azye for all e > 0 and all x, and therefore (a,,b,) N (a,,b,) = () whenever
x # z. The set of discontinuities of f is given by

A={zeR:a, <b} ={r €R: (az,b;) #0}.

If A is empty, the function f is continuous on R and the claim is true. Otherwise, pick ¢, €
(ay,b,)NQ for each x € A. Since the intervals (a,, b,) are disjoint for different € A, this gives
a one-to-one map from A to a subset of Q. Thus A is countable.

Proof of ¢): Let w be such that Y., is continuous at w. Then

(i): Foy) <w if y < Yoo(w) by definition of Y,

(ii): Foo(y) > w if y > Yoo (w). To see this, assume that Fi(y) = w, then Y (w +¢) = sup{z €
R: Fyo(x) <w+e} >y for all e > 0. This would imply that Y. is discontinuous at w, which
contradicts our assumption.

Now pick y < Yo (w) such that F, is continuous at y. Such an y exists since F., has only
countably many jumps. By Proposition (2.37), lim, . F,(v) = Fx(y), and by (i),

dng € N:Vn >mng: F(y) <w.

This means that liminf, ,, Y, (w) > y for all y such that F, is continuous at y. Since there
are only countably many y where this is not the case, we conclude liminf, . Y, (w) > Y (w).

Finally, pick y > Y. (w) such that Fi. is continuous at y. Then F,(y) — F(y) as n — oo, and
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by (ii) and the same argument as above, limsup,,_, . ¥, (w) < y. This holds for all y > Y, (w)
where F(y) is continuous, and since there are only countably many y where this is not the
case, we conclude limsup,, . Y, (w) < Yoo(w). This shows c). O

(2.39) Corollary: Fatou’s Lemma for weak convergence

Let g : R — R be continuous and assume g(z) > 0 for all z. Let X,,, X be real-valued random
variables. If X,, = X, then

lim inf E(g(X,)) > E(g(X)).

n—oo

Proof: Exercise. .
Now we can prove the converse of Proposition (2.37).

(2.40) Proposition
Let (X,), n < oo be real RVs, F,, their distribution functions. Assume that lim,, ., F,,(z) =

n—o0

F.(x) whenever z is a continuity point of Fi,. Then X, = X.

Proof: Choose (Y,) with Y,, ~ X, and Y,, — Y., almost surely as given by (2.38). Then for
each g € Cy(R), it follows that g(Y,) — g(Ys) a.s. by continuity of g, and thus by dominated
convergence, E(g(X,)) = E(9(Y,)) = E(9(Yeo)) = E(9(Xw))- O

(2.41) Continuous Mapping Theorem
Let g : R — R be measurable, and define

D, :={x € R: g is not continuous at z}.

(i): If for random variables X,,, X we have X,, "=° X, and if P(X € D,) = 0, then we have
9(X) "= g(X).
(ii): If in addition to the conditions of (i) ¢ is bounded, then also E(g(X,)) "= E(g(X)).

Proof: (i): We need to show that for each f € Cy(R),
() lim B(f(9(X.)) = E(f(9(X)).

As in the previous proof, choose Y,, with Y,, ~ X,,, Y with Y ~ X, and Y,, — Y almost surely.
Since f is continuous, we have D, C Dy, and so P(Y € Dy.,) < P(Y € D,) =P(X € D,) = 0.
Consequently, the set

Qi ={weQ:Y,(w) AY(w)} U{weQ: fogis discontinuous at Y (w)}
has measure zero. For w ¢ Q, we have lim,, ., f(9(Y,(w))) = f(9(Y(w))), and thus by domi-

nated convergence (and the fact that Y, ~ X, ¥ ~ X)) we conclude ().

(ii): For bounded g, we are allowed to take f(z) = z in (i) since f o g is still bounded. This
gives the conclusion. 0
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We now need another basic theorem about weak convergence. It collects equivalent criteria
that can be used to detect weak convergence of measures and has a strange name. We formulate
it for random variables, but you can easily translate it to statements for the image measures.

(2.42) Portmanteau Theorem

Let X, X,, be RVs. The following statements are equivalent:

(i): X, = X.

(ii): liminf P(X,, € G) > P(X € G) for all open subsets G of R.

(iii): limsup,,_, .. P(X, € K) < P(X € K) for all closed subsets K of R.

(iv): For all A € B(R) with P(X € 0A) = 0, we have lim,,, P(X,, € A) = P(X € A).

(OA is the boundary of A, i.e. in each little ball around a point of dA we find both points in
and outside of A).

Remark: The inequalities in (ii) and (iii) can be strict. To see this, take P(X,, = 1/n) = 1,
G =(0,1) and K = [-1,0].

Proof:

(1) = (4i): Choose Y,, ~ X,,, Y ~ X, and Y,, — Y almost surely. If Y,,(w) converges, G is open
and Y(w) € G, then Y,,(w) € G for all large enough n. Thus liminf,, . 1¢(Y,) = 1¢(Y) almost
surely, and so

liminf P(Y, € G) = lminf E(1o(Y,)) > E(liminf 16(Y,)) > E(1e(Y)) = B(Y € G).
By X, ~Y,, X ~Y this then holds for the X,,, X as well.
(17) < (i7i): We have {G : G CR: G open} = {K°: K C R, K closed}, and thus
liminf P(X,, € G) > P(X € G) & limsup (1 —P(X,, € G)) < 1 -P(X € G)

. /

P(Xn€GF) P(XE€G®)
shows the equivalence.

(i1) and (i77) = (iv): For A € B(R), let A° be the open interior of A and A be the closure of
A. Then 0A = A\ A°. By assumption, then P(X € A°) =P(X € A) = P(X € A). Now (ii)
implies

liminf P(X,, € A) > liminf P(X,, € A°) > P(X € A°) =P(X € A),
and (iii) implies

limsupP(X,, € A) < limsupP(X,, € A) < P(X € A) =P(X € A).
Together this gives (iv).
(iv) = (i): Let F be the distribution function of X and let z be a continuity point of F. Then

0=P(X € {z}) =P(X € 9(—00, x]),
and so (iv) implies
F.(x) =P(X, <z) - P(X <z)=F(x).

By (2.40), this implies weak convergence. O
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(2.43) Reformulation of (2.37), (2.40), and some comments

Let X, be RVs, F,, their distribution functions. The following statements a) and b) are equi-
valent:

a) There exists a RV X with X,, = X
b) There exists a nondecreasing, right-continuous function F' such that
(i): F.(x) — F(z) at all continuity points of F.
(ii): F is the distribution function of some RV X.
Question: Is b(i) already enough to imply a)?
Answer: No! As a counterexample, let G be a continuous distribution function, and let a, b, ¢ €
R* with a +b+c¢=1. Let

Fo(z) = alpe0) (@) + bl ooy (x) + cG(2),

n—o0

then each F), is a distribution function, and F,,(z) — b+ ¢G(x) =: F(z). But F is not a
distribution function since lim, , o Fo(z) = b # 0 and lim, ,o, Foo(x) =b+c=1—a # 1.
In terms of random variables, this means that if X,, has distribution function F,,, and if there
would be a RV X with X,, = X, this would mean that for all N € R*,

(2.42) (i)
P(X € (-=N,N)) < liminfP(X, € (=N, N)) =c¢(G(N)— G(=N)).
By continuity from below ((1.3) c), this would imply that P(X € R) < ¢ < 1, which is
impossible.

What has happened? Mass has escaped to infinity! Explicitly, note that the image measure of
X, has a point mass of size a at n € R, and another point mass of size b at —n € R, and
these wander off to infinity as n — oo. So while the weak limit of the image measures is still a
measure, it is no longer a probability measure as its mass is smaller than 1.

In the next statements we will see that this is the only bad thing that can happen: if we exclude
it, b(i) is already enough. Even better, we will see that b(i) holds along a subsequence for
any sequence of distribution functions. We do this first.

(2.44) Hellys Selection Theorem

Let (F,) be a sequence of distribution functions. Then there exists a subsequence (£}, )ken and a
non-decreasing, right-continuous function F' such that limj_, F,, (x) = F(z) for all continuity
points of F.

Proof: Let (¢;) be an enumeration of Q. Since (F,,(¢1))nen C [0, 1] and the latter set is compact,
there is an increasing N-valued sequence (n;(k))ren so that limy_,o Fy (x)(q1) exists. Then,
since also (F,,(x)(¢2))ken C [0,1], there is a subsequence (ny(k)) of the sequence (n1(k))ren s0
that also limp_,e0 Fhuy (k) (go) exists; of course, the first limit still exists along this subsequence.
You recognize Cantors diagonal argument: by induction, we now find sequence of sequences
(n;(k))ren so that each (n;(k)) is a subsequence of (n;_1(k)) and such that limy_,oo Fy,x) ()
exists for all 7 < j. Choosing the sequence (n;(j));en ensures that G(q) := lim F,,(;)(q) exists
for all ¢ € Q. We define

F(z):=inf{G(¢q) : ¢ € Q:q > x}.
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Then F' is right continuous since

hI{{l F(z,,) = inf{G(q) : ¢ € Q,3Im with ¢ > z,,,} =inf{G(q) : ¢ € Q: ¢ >z} = F(x).

F is also increasing since {G(q) : ¢ € Q,q¢ > x} D {G(q) : ¢ € Q,q > y} if < y, and so the
infimum of the larger set is smaller or equal than the one of the smaller set.
Finally F, ;) (z) — F(z) at all continuity points z of F: to see this, choose x so that F' is
continuous at x. For given € > 0 pick r1,75,s € Q with r < ry < x < s and

F(x) —e < F(r) < F(r2) < F(z) < F(s) < F(z) + e

This is possible since F' is continuous at 2. Now we have F, (;(r2) — G(ry) > F(r1), and
Fr,)(s) = G(s) < F(s). So for all sufficiently large j, we find

F(:E) —e< Fnj(j)(rg) < Fnj(j)(x) < Fnj(j)(s) < F(JZ) +e
It follows that for each € > 0,
F(z) — e < liminf F, ;) (z) < limsup F,, ;) (z) < F(x) +e.
j—o0

Jj—00

Taking ¢ — 0 shows the convergence and hence the result. 0

Now we treat the issue of escape of mass. First we give a name to the situation where escape
of mass is excluded.

(2.45) Definition
a) A sequence (u,) of probability measures on R is tight if
Ve > 0: 3K C R, K compact, such that u,(K) >1—¢ VneN.

b) A sequence (X,,) of real-valued RVs is tight if the sequence (Py, ) of image measures is tight;
explicitly, if

Ve > 0: 3K C R, K compact, such that P(X,, € K) >1—¢ VneN.
c¢) A sequence of distribution functions (F},) is tight if

Ve>0:3M > 0:liminf F,(M) — F,(—=M) > 1 —e.
n—oo

It is an easy exercise to show that (X,,) is tight iff the sequence of distribution functions
(F,) is tight.

(2.46) Theorem

Let (X,,) be a sequence of RVs, (F},) the sequence of their distribution functions. The following
statements are equivalent:

a) (X,) is tight, equivalently (F,,) is tight.

b) For every convergent subsequence (F),,) of (F,), there exists a RV X so that limy_, F), is
the distribution function of X.

c) If (X,,,) is a subsequence of (X,,) so that limy_,o, P(X,,, € (—o0,y]) exists for all y € R, then
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k—o00

there exists a RV X with X,, "=~ X.

Proof: The equivalence b) < ¢) is by definition of distribution functions.

a) = b): Assume that (X,,) is tight and that (F),, ) is a convergent subsequence of (F},). By using
(2.44), we can conclude that there is a further subsequence (£, ) of (F,,) and a non-decreasing
and right-continuous function F' so that lim;_,. Fy. (x) = F(z) at all continuity points of F.
But since (£}, ) itself was convergent, also limy_, F,, () = F(z) at all continuity points of F.
By tightness, we can for ¢ > 0 fix M so that P(|X,| > M) < ¢ for all n. Let r < —M and
s > M be continuity points of F. They exist since F' only has countably many discontinuities.

Then
F(s)— F(r) = lim F,,(s) — F,,(r) > limsup(F,, (M) — F, (-M)) > 1 —«.

k—o0 k—o0

Here, the first inequality holds by monotonicity of the F,,, and the second by our choice of M.
Again since there are only countably many discontinuities, we conclude that liminf, ., F(z) —
F(—z) =1, so F is the distribution function of some RV X.

b) = a): Assume that (F,,) is not tight. Then there is € > 0 and a subsequence (F,, ) with
Fo.(k)—F, (k) <1—¢ Vk € N.
By (2.44), there exists a non-decreasing, right-continuous function F' so that a further sub-

sequence of (F,,) converges to F' at the continuity points of F. Then as above, we see that
F(s)— F(r) < 1—¢ for all continuity points of F, so F' cannot be a distribution function. [

By combining the above theorems, we can formulate concisely:

(2.47) Theorem
a) A sequence (f,,) of probability measures on R has a subsequence that converges weakly to
some probability measure if and only if (u,) is tight.

b) A sequence of random variables (X)) has a subsequence that converges in distribution to
some random variable iff (X,,) is tight.

Now we can finally come back to the task of proving (!!3). Before we do this, let me recom-
mend the great book 'Convergence of Probability measures’ by P. Billingsley for much more
interesting stuff about weak convergence of measures. In particular, the restriction to real va-
lued RVs is completely unnecessary if we do things correctly.

The result that solves problem (!13) is

(2.48) Lévy’s Continuity Theorem
Let (u,) be a sequence of probability measures on R, and (¢,,) their characteristic functions.

(i): Assume that p, = pe for some probability measure fi,, and let ¢, be the characteristic
function of pis. Then @, (t) = puo(t) for all t € R.

(ii): Assume that there exists a function ¢, : R — C, with the properties that ¢, (t) = @ (t)
for all ¢ € R, and that ¢ is continuous at ¢ = 0. Then ¢, is the characteristic function of
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some probability measure (i, and i, = fioo-
Proof: (i): Since ¢,(t) = [ € p,(dz) and the function = — € is continuous, this holds
simply by the definition of weak convergence applied to real and imaginary parts.

(ii): First we show that the sequence (u,,) is tight under the stated assumptions. Fix € > 0; we
have to find K € R so that liminf, . p,([—K, K]) > 1 — €. For all K > 0 and all functions h
that are positive on [—K, K|, Chebyshevs inequality gives

pn([= K KF) <

) pn (d).
inf{h(z) : ‘37| > K} / K,K]e
The function that makes the connection to the characteristic function is h(z) = 1 — Sm(%(K).

Indeed, it is not hard to see that for all x > 1, sin(z)/z < o :=sin(1)/1, and so h(z) > 1 — «
for all x > K. So,

K K1) < 77 [ )

On the other hand,
1 1
h(z)=1-Esin(z/K) =1 —/ cos(tz/K)dt = / (1 — cos(tz/K)dt
0 0
and so by Fubini’s Theorem (everything is nonnegative!), we find that
1 1
/ h(@)n (dz) = / dt/(l — cos(ta /K ))pin(dz) = / (1 - Re (/) dt
[_KvK}C 0 R 0
We assumed convergence of characteristic functions, and hence dominated convergence gives
1 1
lim sup p, ([— K, K]°) < / (1 — Repoo(t/K))dt
0

n—00 11—«
We also assumed continuity of ¢., at ¢ = 0, which means that we can bring inf{y..(t/K) :
0 <t < 1} as close to po(0) = 1 as we want by taking K large. This shows tightness.

By tightness we know that (u, ) converges to some i, along a subsequence. We still have to show
convergence without a subsequence. This follows by a standard argument from analysis: pick
any subsequence (fin,) of (u,). Then by tightness, there exists a further subsequence (i, );
that converges to some probability measure v. The characteristic function of v is given by ¢.: to
see this, note that the CF of v is the limit of the sequence of characteristic functions (¢y,; ); by
part (i), and the limit of this sequence is ¢, by the assumed convergence of CFs. Since the CF
uniquely determines the measure, we conclude that v = p... In other words every subsequence
of (u1,,) has a further subsequence that converges to fi. The standard argument from analysis
is that in such a case, the sequence itself must already converge. To be explicit, assume that
(itr,) does not converge to pi. Then we can pick 5 > O a subsequenee (#tn(i))i and a continuous
and bounded function f so that for all 7, | [ f(z — [ f(@)poo(dx)| > d. Applying the
argument above to that particular subsequence gives a contradlctlon Hence p,, = oo 0

Now we can finally really prove the CLT:

(2.49) Central Limit Theorem for iid random variables
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Let (X;) be iid real RVs with E(X;) = € R and V(X;) = 02 € (0, 00) for all 7. Then

! Z(Xz —p)=Y withY ~ N(0,1).

Proof: By considering X = X; — u, we only need to treat the case u = 0. By (2.32 b),
2,2

ot
px, () =1-— -t e(t)t®
with lim,_,oe(t) = 0. Setting S, = >, X, and using independence gives

i n 2 n (2.33) ;2
P vamnll) = E(ef o ):(SOXl(\/,:?)) = (1- L4 Le(A5)" =5 72,
By (2.48), this shows the claim. =

(2.50) Remarks
a) Consider the situation of (2.49) with g = 0. Define

Sp(w) = \/% ZXi(w)

This random variable converges in distribution to N'(0,1) as we have just seen, but it does
not converge almost surely. Even more drastically, the set of w where S, (w) does converge has
measure zero. To see this, note the following:

(i): Since the normalization 1/4/n kills all finite sums of X;, we have for each M > 0:

{limsup S, > M} = m { lim sup

n—oo kEN n—oo,n>k

Z X; > M} €T, the tail o-algebra.
1=k+1

\/7

The same is true for {liminf,,_, ., S, < —M }, and so the probability that S, oscillates between

arbitrarily large and arbitrarily small values infinitely often is either zero or one by Kolmogorov’s

0 — 1-law.

(ii): We will now show that zero is not an option in (i). For each M > 0, we have
{limsup S, > M} = ﬂ U {S > M} =limsup A,

n—o0 neNm > ?’L A n—oo

and by Fatou’s Lemma applied to 1 — 14, we find

P(limsup S, > M) = P(limsup A4,,) > limsup P(4,) e/ dz > 0.

n—o00 n—o00 n—o0 o AV 27'(' /]\4
By (i), this only leaves the possibility that P(limsup,,_,., S, = M) =1, and the same holds for
P(limsup,, .., Sn < — M). Thus S,, converges with probability zero.

On the other hand, (2.49) and (2.38) tell us that there exists a sequence of RVs (Y;) with
Y, ~ S, that converges almost surely. But the 'natural’ choice S,, behaves very badly for point-
wise convergence!

b) Pairwise independence (i.e. X; 1L X; for all i # j) is not enough to prove the CLT: as an
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example, consider a sequence (&;) of iid Bernoulli RVs, i.e. P(§; = £1) = 1/2. We are looking
for random variables (X;) with the properties that

(i): X; L X;if i # j, and X; ~ & for all 4.
(i) 27, X = &(1+&)(1+&) - (1+6,) for all n.

Assume we have found such X;. Then we write S, = ﬁ Zle X;. Property (i) means that
2

E(X;) =0 and V(X;) =1, and so S,, is the right candidate for a CLT.

By property (ii), however, P(Sy. = 0) = 1 —27"*1, This means that for bounded continuous
g, E(g(S2n)) — E(g(0)), so along that particular subsequence the sequence S, converges in
distribution to a Dirac measure at zero. This excludes the validity of the CLT.

It remains to find X; with the properties (i) and (ii). We can take inspiration from (ii): the sum
on the left hand side has 2"~ ! terms, and there are also exactly 2”71 terms if we multiply out
the right hand side; so those terms are strong candidates for the X; . We just have to order
them correctly: we start with just X; = &;; we have used the 1’s in all the remaining brackets
after &; here. The second is the additional term that we get when we use the & instead of the 1
in the second bracket. I.e. Xy = £&. We now have two terms. The next two terms are obtained
by multiplying each of them by &3, i.e. by using the &3 in the third bracket instead of the 1 on
everything that we have obtained so far. The result is X3 = £&3 and Xy = &£:&3. The next
four terms are obtained by multiplying each of the four terms that we already have by &, and
so on. You should now check as an exercise that these X; have the property (i), which finishes
the example.

We have just seen that we cannot replace independence by pairwise independence. What
we can do, however, is to relax the condition of identical distribution.

(2.51) Lindeberg-Feller CLT

For each n € N, let (X, m)m<n be a family of independent RVs. Assume that for all m,n
E(Xnm) = fnm and V(X,, ) =: 05, exist. Define

n
2 . § : 2
S, = Un,m7
m=1

and assume that for all € > 0,

n—o00 3%

1O
(*) lim — Z E((Xn,m - Mn,m)21{|Xn,mfun,m| >esp} — 0.
=1

(the so-called Lindeberg condition). Then

—00

1 n
= > (Ko = o) =Y with Y ~ N(0,1).
" m=1

Proof: See the books of Durett or Klenke. The Lindeberg condition means that no single
random variable can dominate the sum: note that without the indicator function, the expression
in (%) would be equal to 1. Also note that in the identically distributed case, s,, = 1. So indeed,
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can contribute a finite amount to s, as

the Lindeberg condition means that no single o7,

n — oQ.

3. Conditional Expectation
You probably recall the conditional probability P(A|B) = Pg{fzg?), defined if P(B) > 0.
The following extension of this concept is one of the most important definitions of modern
probability.

(3.1) Definition

Let (€2, F,P) be a probability space, and X be a real-valued RV with E(|X|) < co. Let G be a
o-algebra over Q2 with G C F (i.e. G contains fewer sets). Any random variable Y : 2 — R is
called conditional expectation of X given G if it has the following two properties:

(i): Y is G-measurable

(ii): For all G € G, the equality E(X1s) = E(Y1¢) holds.

If Y is a conditional expectation of X given G, it is customary to write Y = E(X |G).

(3.2) Remarks
a) This definition is very convenient to work with, but not that easy to understand intuitively.
We will see examples below that should help you understand it.

‘tz) We will later see that the conditional expectation is unique almost surely, i.e. if both ¥ and
Y fulfill (i) and (ii) above, then Y (w) = Y (w) outside a set of measure zero. This justifies to
just write E(X | G).

c¢) A formula that you should memorize is
E(ZE(X |G)) =E(ZX) for all bounded, G- measurable RVs Z.

The proof is by one of the most frequently used arguments of probability theory: for Z = 14,
G € G, this holds by definition. For finite linear combinations Z = > | a;1g, with G; € G,
it then holds by linearity of E. For positive X and Z, it holds by monotone convergence. For
general X and Z, it holds by decomposition into positive and negative parts and linearity
again. If you are not completely familiar with the procedure, you should now do the details as
an exercise.

We will now give examples to illustrate Definition (3.1).

(3.3) Examples

a) Let (Q, F,IP) be a probability space, and A; € F, i = 1,...,n, be a partition of €, i.e.
AiNA; =0ifi# j, and U, A = Q. Assume P(A4;) # 0 for all i. Let G = 0({4; : 1 <i < n}).
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Let X be any RV on 2 with E(]X|) < co. Then

n

P(4;)

is a conditional expectation of X given G (exercise!). Y (w) is the average of X on the set A;
containing w, and is therefore the best approximation to (or best guess of) X when we only
know in which A; we find w, but not the exact value of w. This leads to the important intuition
of conditional expectation as a best approximation under incomplete information.
b) In example a), let Q@ = (0,1] with Borel-o-algebra and Lebesgue measure, k € N, A; =
(1 — 1)27%,427%], with 1 < i < 2*. For an integrable RV X, we then have
2" 1 it

BXIO)@) = Y U va ey | X(sds
So, this is a step function, similar to the one used in the Riemann-Approximation to the integral,
but "better’ since instead of the left, right or trapeze rule value, the 'true’ average of X is used
on each Riemann interval.
¢) In example a), let X = 1 for B € F. Then E(X|G) encodes all classical conditional
probabilities P(B|A4;) at once: if w € A;, then E(15|G) = P(B|A;).
d) The real strength of Definition (3.1) is that it is not restricted to o-Algebras G that are
generated by finitely many sets (and thus are finite). Let Q = [—L, L]> with Borel-o-algebra
and normalized Lebesgue measure. Let

G=o({{(u,v): —L<v<Lia<u<b}:—-L<a<b<gLl}

be the o-algebra generated by the 'vertical cylinders’. Then for any integrable RV X,

1 L
Y (u,v) := E/LX(u,w)dw

is a conditional expectation of X given G (exercise!). Again, this is the best guess of the true
value X (u,v) if we know that the first coordinate is u but have no information about the second
coordinate. From this example, we also see that E(X|G) is not unique: setting Y (u,v) = 0 for
all u in a set of Lebesgue-measure zero will also give a conditional expectation (exercise).

e) The construction of d) works for more fancy choices of G too: think of polar coordinates; or
let Z be any random variable and let G = o(Z), see (1.12). The last situation is very important
and we will come back to it later.

(3.4) Lemma

Let X be an integrable, F-measurable RV, G C F and Y = E(X|G) a conditional expectation
of X given G. Then Y is integrable.

Proof: Let A" = {Y > 0} and A~ = {Y < 0}. By property (i) of Def. (3.1), AT, A~ € G.
Thus, by property (ii),

E([Y]) = E(14+Y) + E(14-Y) = E(14+ X) + E(14-X) < 2E(|X]) < 00
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OJ

We now prove existence and uniqueness of the conditional expectation. As usual, uniqueness
is eagier, so we start with it.

(3.5) Proposition

In the situation of Definition (3.1), assume that ¥ and Y both have properties (i) and (ii).
Then Y =Y P-almost surely.

Proof: For all G € G,

E((Y — V)lg) = E(Y1e) — E(V1e) 2 E(X16) — E(X1g) = 0.

Since Y — Y € mG, we thus have
E((Y ~ V)l s 59) =0,

Since (Y — Y)1 (v >v) is integrable (by (3.4)) and nonnegative, monotonicity of the expected
value (see (1.14) e) gives (Y — V)1 (v >v} = 0 almost surely. The same argument shows that

(Y —Y)1 (v<vy = 0 almost surely, finishing the proof. O

(3.6) About existence of conditional expectation

The existence of conditional expectation can be proved using the Radon-Nikodym theorem. But
we will take another, more geometric approach, which gives additional insight into the concept.
We will show that the conditional expectation E(X|G) of some square integrable RV is the
orthogonal projection of the vector X € L?(dP) onto the closed subspace of L?*(dP)
consisting of all G-measurable, square integrable RVs. As usual, we work with equi-
valence classes of P-almost surely equal functions. We introduce some notions from functional
analysis. If you are unfamiliar with them, you should study them. Alternatively, you can take
the existence of conditional expectation as a black box.

(3.7) Definitions and Facts from the theory of L? spaces

We define

ZLEP) = {X e mF :E(]X*) < oo}
You should check that this is a vector space. Note the restriction to F-measurable functions.
We say that X € £% is equivalent to Y € % and write X ~ Y if X = Y P-almost surely.

Then L%(P) = L? is the vector space whose points (vectors) are equivalence classes in ZZ(P).
We define, for X, Y € L%(P) the inner product

(Xv Y) = E(YOYE))a

where X is complex conjugation, and Xy, Y are representatives of the equivalence classes X
and Y. You should check that the definition is independent of the choice of representative, that
X — (X,Y) is an antilinear map from L? to C and that Y + (X,Y)) is a linear such map.
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Also, | X| == (X, X)Y? is a norm on L2, and L? is complete under this norm (i.e. Cauchy
sequences converge). This (by definition) makes L? a Hilbert space. As usual, we will often
denote equivalence classes and their representatives with the same symbol.

(3.8) Orthogonal projection in Hilbert spaces

Let V be a Hilbert space, U a closed subspace of V', x € V. Then for y € U, the following
statements are equivalent:

(i): ly — x| < ||z — z|| for all z € U.
(ii): (y — z,w) =0 for all w € U.
If (i) or (and) (ii) hold, then y is called orthogonal projection of x onto U.
Proof: Let y € U. Since U = {y + w : w € U}, we have
VzeU:|ly—zl’<llz—2l* © VwelU:|y—z|* <ly+w— 2|
& VweU:|ly—a|* <y — 2l + [[w]* + 2Re (y — 2,w)
& YweU:0< ||w|?+2Re(y — x,w). (%)

So (ii) implies (i). On the other hand, assume that (ii) is false. Then we can find w € U with
Re (y — z,w) < 0 (why?). Now,

|ewl||* + 2Re (y — x,cw) = €2||w||* + 2eRe (y — 2, w) < 0

for small enough e. So, (x) is false for this ew, and thus (i) does not hold. O

(3.9) Proposition
Let V' be a Hilbert space, U a closed subspace of V. Then for each x € V, there exists a unique
orthogonal projection of x onto U.

Proof: If x € U, then z is the unique vector y that fulfills (i) of (3.8) and is therefore the
projection. For o ¢ U, put d := inf{||w — z|| : w € U}. By the definition for an infimum, there
exists a sequence (w,,) € U such that lim,,_, ||w, — || = d. We calculate, for m,n € N,

lwn = @[|* + [lwm — 2]1* = 2[5 (wn + wm) = 2] + 2l|5 (wn — wa)|*

Since %(wn + w,,) € U, the first term on the right hand side above is > 2d? for all m,n. We
conclude

lim sup 1w, —wy|* < lim <sup 1w, — 2||* + sup |Jw, — x| —2d2) =d*+d*—2d* = 0.
N—=oomn>N N—oo \ >N m>N

So, (wy,) is a Cauchy sequence. Since U is closed, its limit is in U, and it fulfils (3.8) (i). O

(3.10) Theorem

Let (Q,F,P) a probability space, and G C F a o-algebra. Then Lg(P) is a closed subspace of
L%(P). For any RV X with E(]X|*) < oo, every representative of the orthogonal projection of
X onto Lé is a conditional expectation of X given G.
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Proof: The claim that Lg is a closed subspace is left as an easy exercise. Let X € L% and
let Y be the orthogonal projection onto Lé. Since Y is an equivalence class of G-measurable
functions, every representative fulfils (i) of Definition (3.1). For (ii), let G € G. Then

E(lgY — 16X) = (Y — X,1g) = 0
by property (3.8) (ii). O

Before we extend this to L', is is convenient to state some simple properties of conditional
expectation.

(3.11) Proposition: integral-related properties of conditional expectation
Let X,Y be integrable RVs, and assume that all conditional expectations below exist.

a) (Linearity): We have, for almost all w,
E(aX + Y [G)(w) = oE(X|G)(w) + FE(Y|G)(w).
b) (Monotonicity): If X > 0 a.s., then also E(X|G) > 0 a.s..
Proof: a) is just easy definition chasing. For b), let ¥ = E(X|G) and A = {w : Y(w) < 0}.
Then A € G, and we have
X =0 (3.1)(i0)
0 < E(X14) "= "E(Y1a).
Since Y1, <0, we conclude Y14 =0 a.s., thus Y > 0 a.s. U]

(3.12) Theorem
Let X be an integrable RV and G C F a o-algebra. Then E(X|G) exists.

Proof: Assume first that X > 0, and let X,, = X A n. Then X, is bounded and thus in L2,
and Theorem (3.10) gives the existence of Y,, = E(X,|G). By (3.11) b), the sequence (Y,) is
monotone. Let Y := lim,,_,, Y,, a.s. We have that Y € m{, and monotone convergence gives

forall Ge g
3.1)(i)

E(Y1g) = lim E(Y,1¢) ¢ lim E(X,1g) = E(X10).
n—oo n—o0

For general X, decompose into positive and negative part, use the above argument and recom-
pose by linearity. O

In the following statements, we always assume that all occurring RVs are integrable, and
that all curly letters denote o-algebras.

(3.13) Proposition: basic measurability properties
a) Expected value is conserved: E(E(X|G)) = E(X)
b) G-measurable functions do not change: if X € m@G, then E(X|G)(-) = X(:) a.s.
c¢) The "Tower property”: If H C G C F, then
E(E(X|G)|H) =E(X|H) as.
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Proof: For a) use (3.1) (ii) with G = 2.

For b) note that X already fulfils (3.1) (i) and (ii).

For c), we have to check the definition for X replaced by E(X|G) and Y replaced by E(X|H).
(3.1) (i) is clear since E(X|H) € mH. For (ii), let H € H C G. Then,

3.1)(ii) for G 3.1)(ii) for H
E(15E(X|G) “VE g1, x) CYROH pa B ).

(3.14) Proposition: limits and inequalities
a) Monotone convergence: if 0 < X,, 00 X a.s., then also 0 < E(X,|G) 00 E(X|G) aus.
b) Conditional Fatou: if 0 < X, for all n, then

E(liﬁ)gf)(n\g)(-) < ligng(Xn]g)(-) a.s.

¢) Dominated convergence: Assume that | X, ()| < Z(-) for all n for some integrable Z a.s., and
that X,,(-) — X(:) a.s. Then

Iim E(X,[0)() = E(X|9)() as.
d) Conditional Jensen: Let ¢ : R — R be convex and assume E(|¢(X)|) < oco. Then

E(p(X)I9)() = ¢(E(X]G)(-)) as
e) LP-contractivity: If X € LP, 1 < p < oo, then E(X|G) € LP, and
IEXIGZ = E(EXIG)IF) <E(IXP) = [IX]17-

Proof: a) As in the proof of Theorem (3.12), we see that Y := lim,,_,., E(X,|G) a.s. satisfies
the definition of a conditional expectation of X given G.
b) Let Y, := infy-, X;. By monotonicity of conditional expectation, E(Y,|G) < E(Xy|G)
a.s. for all k > n, and so

E(kir;f Xi|G) = E(Y,|G) < kir>1f E(X|G).
As n — oo, the expression on the left hand side converges to E(liminf, ., X,|G) by a). The
expression on the right hand side converges to liminf,, . E(X,|G).
¢) By assumption, Z + X,, > 0 a.s. By b), a.s.,

E(Z + X|G) = E(Z + liminf X,,|G) < liminf E(Z + X,,|G),
n—oo

n—oo

and by linearity of conditional expectation this shows E(X|G) < liminf E(X,|G) a.s. As Z —
X, = 0 for all n a.s. is also true, the same argument shows —E(X|G) < — liminf E(X,|G),
thus E(X|G) > limsup E(X,|G) a.s.

d) Convexity implies that the left derivative d_p(x) exists for all z, and that the graph of ¢ is
always above the tangent at ¢(x) with slope 0_p(z). In symbols:

Ve € R,Vy € R: p(z) + 0_p(2)(y — ) < ¢(y).
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Since ¢ is convex, it is continuous, and so

Vy € R : o(y) = sup{p(q) + (y — ¢)0-»(q) : ¢ € Q};
By choosing an enumeration (c,) of Q and putting a, := d_p(c,), by = @(cn) — crd_p(cy,), we
find that
(x)Vy € R: o(y) = sup{a,y + b, : n € N}.
By using this inequality for y = X (w),w € Q, we find that
Yw e QVn e N: p(X(w)) = apX(w) + by.

For fixed n € N, we can now take conditional expectation and use monotonicity to find that
for each n, there exists a set 2, C Q with P(£2,) =1 and

E(p(X)|G)(w) = a,E(X[G)(w) + b, Yw e,
This shows that for w € (7, oy (i,

E(p(X)[9)(w) > sup{aE(X|G)(w) + by : n € N} 2 o(E(X|)(w)).
Since P((N, oy 2n) = 1, the claim is proved.

neN ="
(Exercise: look at the (much simpler) proof of the ordinary Jensen inequality, e.g. from last
semester, and find out why it cannot be easily adapted to work for conditional expectation.)

e) From d) with p(z) = |zP, 1 < p < o0, we get
E(XIO)F <E(XP|G)  as.

The claim follows by taking expectation and using (3.13 a). The claim for p = oo follows from
monotonicity:

LE(X|0) <E(X]IG) as. — [E(X|G) <E(X]|G) as.

The claim now follows by taking the essential supremum over w; essential supremum means
that we may leave out a set of measure zero when taking the supremum. O

(3.15) Proposition: Advanced measurability properties

a) 'Measurable factors can be pulled out of the conditional expectation’:
If Z is a RV with ZX € L' and Z € mG, then

E(XZ|G) = ZE(X|G) aus.

b) ’Independent information is irrelevant’:

IfHCFandH L o(G,o(X)), then
E(X|o(G,H)) = E(X]G).

Note that the condition on H is stronger than the condition that H is independent from G and
from o(X).

c) A special case of b): if H 1L o(X), then w — E(X|H) is a.s. constant and equal to E(X).
Proof: a) We check the definition: for (i), we confirm that w — Z(w)E(X|G)(w) is G-measurable.
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For (ii), we start with X > 0 and Z = 14 for some A € G. Then for B € G, AN B € G, and we
have

(%) E(15ZE(X|G)) = E(1ansE(X|G)) = E(140pX) = E(15Z2X),

which is (ii). By using the standard method of linarity and monotone convergence (we still
have X > 0), we find that (%) holds for all nonnegative Z fulfilling our assumptions. Now we
decompose X and Z into positive and negative parts and get four terms on both sides of (x)
so that for each of them both random variables have a definite sign. Linearity now concludes
the proof.

b) Exercise. ]

(3.16) Mnemonic rule: the smaller o-algebra always wins
It HCgCF, then
E(B(X|6)[#) = B(E(X[H)|G) = B(X|H).

Proof: Exercise. 0J

In many applications, the o-algebra G is generated by a random variable. This case is so
important that it gets its own notation.

(3.17) Definition

Let (2, F,P) be a probability space, (€', F') a measurable space, and Z : Q2 — Q' be a RV.
Recall that o(Z) := {Z7'(A) : A € F'}. For each integrable real RV X, the real RV

E(X|Z): Q= R, we EX|2)(w):=EX]|o(2))(w)

is called the conditional expectation of X given Z.

(3.18) Example

(Q,F,P) = ([0,1], B([0,1]),A), @ =N, F' = P(Q). ForaRV Z : Q — Q' define A; := Z~1({i}).
Then the (A;) form a partition of Q. Let X : Q — R be any integrable RV.

Assume that ) describes an experiment, and w is the true state of the physical system that
we want to measure. Our measurement apparatus only allows us to evaluate Z(w), and we are
interested in predicting the value of X (w). Once we have measured Z(w) and the result is j € N,
then the best guess for X (w) is E(X|Z)(w) for some w € A;. The function w — E(X|Z)(w) is
constant on all the A;, and equal to E(X|A;). There seems to be a problem for those A; with
P(A;) = 0, but in this case Z(w) = j will never be measured, and we can assign any value to
E(X|Z)(w) for those w. The RV E(X|Z) assigns the "best guess for X (w) given Z(w)’ to each
value of w by the procedure

(i): determine Ay, i.e. the set of all @ € €2 which are indistinguishable from w when only the
information provided by Z is available,

(ii): compute the weighted average of X over Az,).
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(3.19) Example

Let X,Z be real RVs so that the distribution of the RV (X,Z) : Q — R? has a density
px.z : R? = R{. Recall that this means in particular that

P(X €A, Ze€B)= / dx/ dz px z(x, 2) VA, B € B(R).
A B

You should check the validity of the following statements:

(i): The maps = — px z(z,2) (for fixed z) and z — px z(z, z) (for fixed x) are usually not
densities of a probability measure.

(ii): The map = + px(z) := [ px.z(z, z) dz is a density for Po X!, and the map z + pz(z) :=
[ px.z(x,z)dx is a density for Po Z~1.
(iii): For each z, the map

1
= fxiz(x; 2) = r,2)p, 02
x1z(; 2) pZ(Z)sz( ) (o2 (2)>01

is the density of the distribution of a RV. It is called the conditional density of X given that
Z = z.

(iv): For each Px-integrable function h, the map

w»—>/h(m)pX|Z(:U,Z(w))dx
is a version of E(h(X)|Z).

In both examples, w — E(X|Z)(w) could be expressed as a function of Z(w). This is no
accident, but a consequence of the o(Z)-measurability. The result that yields this statement is

(3.20) Lemma

Let X and Y be real RVs. Then

XemoY) < dfemBR):VweQ: X(w)=f(Y(w)).
Proof: "<’ follows from 1.13 a).
7$7:
(i): Assume first X = 14 with A € F. Since X € mo(Y'), we have A € o(Y), and thus there
exists B € B(R) with A =Y !(B). So, X(w) = 15(Y(w)).
(ii): Let X = >0 o514, with A, N A; = 0 and a; # oy if @ # j. Then all A; are in o(Y)
(why?), and we find B; € B(R) to each A; as above, and X (w) =Y " a;15,(Y(w)).
(iii) For X > 0, define

Xy (w) :=27"12"X (w)| A n.
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By (ii), X,, = fu(Y) for some f,, € mB(R) for all n. By (1.13 d), x — f(z) := sup,ey fu(2) is
B(R)-measurable, and

¥ (W) = sup fo(Y(w)) = sup Xn(w) = X(w).

(iv): For general X, decompose into X* — X~ and use (iii). O

(3.21) Remark, Definition, Statement

Can we extend (3.20) to RVs with values in arbitrary measurable spaces? Step (iii) in the proof
seems to need the ordering of R. But we can do much better (but not infinitely better):

Definition: A measurable space (M, G) is called (standard) Borel space if it is isomorphic to a
Borel-subset of [0, 1] as a measure space, i.e. if

JA € B([0,1]), f : M — A bijective with f and f~! measurable.

This definition seems much more restrictive than it is. In particular, any separable, complete
metric space ('Polish space’) is Borel.

Statement: (3.20) holds if X maps into a Borel space, and Y into an arbitrary measurable
space.
Proof: See Kallenberg, Foundations of Modern Probability (an excellent book!).

(3.22) Definition

Let X be an integrable real RV, and let Z : 2 — € be any RV into some measurable space
(Q'F"). The map

QO —-R, 2= EX|Z=2) =EX|Z)(w) withanywe Z7(2)

is called the conditional expectation of X given that Z = z. By (3.21) we know that this map
is (F', B)-measurable.

When X and Z are independent, we have the following nice formula.

(3.23) Proposition
Let X : Q — Q and Y : Q — Q" be independent RVs, and let A : Q' x Q" — R be F/' @ F'-

measurable and such that h(X,Y) is integrable. Then
E(h(X,Y)|Y)(@) =E(h(X,Y(®))) = /h(X(w),Y(@))]P’(dw).

Proof: Let first be h(z,y) = 14(z)15(y) for A € F', B € F". Then

E(h(X,Y(@))) = E(1a(X)15(Y(©))) = P(X € A)15(Y (@) € ma(Y), (%)
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and for any G € o(Y'), we have

/ (@) E((X, Y (@)))P(d@) = P(X € A) / 16(@) 15V (@) P(ds)

"L B (X)15(V)16) = E(A(X,Y)1s). (s

So in this special case, the claim holds. Since both (%) and (%) are stable under linear ope-
rations, the claim also holds if h(z,y) = > i, 1a,(x)1p,(y) with A; € F' and B; € F". Since
they are also stable under monotone limits, the claim holds for h(z,y) = 1¢(z,y) for arbitrary
C € F' ® F". Again by stability under linear operations, we can extend to h = > " | a;l,
with measurable C};, by monotonicity to all nonnegative functions, and by taking positive and
negative part to all integrable functions. 0

(3.24) Example

Let (X,) be iid integrable RVs, and S,, = " | X;. Let F,, := o(X1,...,X,,). Then
E(Sn+1]Fn)(w) = Sn(w) + E(Xnp1).

To prove this, use (3.23).

We finally look at another important special case of Definition (3.1):

(3.25) Definition
For A e F, G C F, the map

wi— P(A|G)(w) :=E(14]G)(w) (3.1)
is called conditional probability of A given G.

(3.26) Observation

We can think of the conditional probability as a map (w, A) — P(A|G)(w) of two variables. For
each fixed A € F, equation (3.1) defines a G-measurable RV. For each fized sequence (A,) C F
with A, N A,, = (0 for m # n, monotone convergence guarantees that

P(| J AnlG) =D P(A,|G)  almost surely.
n=1 n=1

Thus, for all w from a set ©; of measure 1, the map A — P(A|G)(w) is o-additive for the
members of that fixed sequence. It is tempting to think of the map A — P(A|G)(w) as a
probability measure, but the problem is that for this we need o-additivity for all sequences
of mutually disjoint sets. But since for each sequence we could get a different set of measure
zero where o-additivity fails, and since there are uncountably many sequences of disjoint sets,
we can not in general find a common set of measure 1 where o-additivity holds. We solve this
problem in the mathematicians way.
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(3.27) Definition

Let G C F. Amap p:Q x F — [0,1] with the properties that

(i): VA€ F: w p(w, A) is measurable, and p(w, A) = P(A|G)(w) almost surely,
(ii): For all w € 2, A+~ u(w, A) is a probability measure

is called reqular conditional probability of P given G.

(3.28) Example
In the situation of Example (3.19), the map

(w, A) — / Ixiz(x; Z(w)) do
A
is a regular conditional probability of Px given G = o(Z2).

In more general situations, we cannot construct regular conditional probabilities so expli-
citly. But we have

(3.29) Theorem

Let (€2, F) be a standard Borel space (see (3.21)). Then for each o-algebra G C F and all
probability measures PP on (€2, F), the regular conditional probability of P given G exists.

Proof: We assume first that (2, F) = (R, B(R)). For each r € Q, let
W= F(T7w> = IP((—OO, T‘Hg)(W)

be a conditional probability of (—oo,r] given G. Since r — 1(_n,) is a growing set function,
monotonicity of conditional expectation guarantees that, for » < s, we find a set A, ; € F with
P(A, ;) =1 and,

P(r.w) = E((-0|0) () < E(l o0 g|0)@) = F(s.0) V€ A,
By dominated convergence, we also find, for every r € Q, a set B, with P(B,) =1 and
lim F(r+1/n,w) = F(r,w) VYw € B,.
n—oo
Again by dominated convergence, we find a set C' € F with P(C') = 1 and

0 = inf F(—n,w) =1 —sup F(n,w) Yw e C.

So for all w € Qo 1=, ;0 Ars N [Npeq Br N C (with P(Q) = 1), we define

F(z,w):= inf F(r,w) VzeR.
reQ,r>z
By construction and our above observations, the map z — F(z,w) is a distribution function.
Let Fy be an arbitrary fixed distribution function and set F'(z,w) = Fy(z) for all w € €. Let
p(w, .) be the probability measure on R induced by the distribution function F'(.,w). Then the
map

w = pw, (=00, 7)) = F(r,w)lo,(w) + Fo(r)log(w)
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is measurable for each fixed r, and since the intervals (—oo,r], r € R, are a N-stable generator
of B(R), the map w — u(w, A) is measurable for all A € R. By construction, A — u(w, A) is
also a measure for each fixed w € 2.

For all w € €y, by definition p(w, A) = P(A|G)(w) for all A of the form A = (—oo, 7], r € Q.
Again by extension of a N-stable generator, this holds for all A € B(R). So, A — p(w, A) is a
conditional probability of given G almost surely, and we have proved the theorem in the case
Q=R

In the general case, let (2, F) be a Borel space and P be a probability measure on it,
and G C F a o-algebra. Then there exists a B € B and an isomorphism of measurable spaces

¢ (0, F) — (B, BNB(R)). Then P:=Poplisa probability measure on (R, B) (supported on
B),and G = ¢(G) is a sub-o-algebra of B(R)NB. Let (z, A) — fi(z, A) be the regular conditional
probability measure of P given G. Then you can check that pu(w, A) := fi(¢(w), p(A)) is a regular

0

conditional probability of P given G.

In the final example of this section, the conditional expectation can be computed explicitly,
but it is not completely easy to do so.

(3.30) Example
Let (X;) be iid integrable RVs, and let S, = """ | X;. Let G, = 0(Sh, Sp+1,...). Show as an

exercise that )
E(X1]G,) = E(X3|G,) = ... = E(X,|G,) = ESR.

Do this using the following steps:

1) Show that G, = o(S,, Xni1, Xnio,--.)-

2) Show that E(X;|G,) = E(X;|S,) for all i < n.

3) Show that E(X;|S,) = E(X;|S,) almost surely for i, j < n.

4) Conclude the claim.

The statement says that if we sum n independent RVs, and if we know that the sum has the
value M, then the best guess for each of them is simply M /n.
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4. Martingales

(4.1) Motivating Example

We consider a simple game of chance: in each round, a coin is thrown, and you have to decide the
amount a that you want to bet. If the coin comes up heads, you win the amount a. Otherwise,
you lose the amount a.

We model this: Let (X;) be iid RVs with P(X; = —1) = P(X; = 1) = 1/2. Your expected win
in round i is exactly E(X;) = 0. Let (a;(x1,...,7;_1))ien be your gambling strategy: based on
the outcomes of the coins, 1 to 7 — 1, you decide to bet the amount a;. Then

Yo(w) = a, (X5 (w), ..., Xn1(w)) X,

is your win/loss in round n, and

is your total win/loss after n games.

a) Even though the X; are independent, the Y; usually are not independent at all. On the other
hand, your strategy can only depend on the past for obvious reasons. So at least the Y, are
independent of all the X;,;, j > 0.

b) Observe that this strategy includes the famous doubling strategy in Roulette (except that
in Roulette there is the zero): start with a; = 1 and double every time you lose, until you win,
say that this happens in game j. It is easy to see that at this point you have won exactly one
unit. Then start again at a;;1 = 1 and repeat. Many intelligent people think that one can win
Roulette like this.

c) Let’s calculate

n n

E(Sn) = ZE(aj(Xh N 7Xj—1)Xj) = Z]E(aj(Xl, N ,Xj_l))E(Xj) =0.

=1 j=1
So, our expected gain is exactly zero, no matter what strategy we try!

d) Assume that after j games, we have observed the outcomes X7, ..., X;. What is our expected
gain after j + 1 games, given these outcomes? We set F; = o(Xj, ..., X;) and calculate

J
E(Sj1|F) = D Vi + Elaj1 (X1, X)) X0l ) = S5+ a1 (Xa, o, X)E(Xj11) = 8.
i=1
So, at any point during the game, on average we stay exactly as rich as we are right at that
point.
e) All considerations still work when the X; are arbitrary independent RVs with E(X;) = 0.

f) The outcome of all this is: in fair games like the above one, there is no winning strategy.

g) Real games are more complicated: The game you play in the next round (i.e. the distribution
of the RV X,1) may depend on the outcome of all the previous rounds. Your strategy may be
based on more information than just the outcome of the previous games (e.g. Poker: the face
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of your opponent).

h) Martingales are those games where despite all this, there still is no winning strategy. On top
of that, they are one of the most powerful concepts of modern probability theory. The main
reason for this is that they allow to consider RVs that are not at all independent, but at the
same time still get very powerful general results.

(4.2) Definition
a) A collection (X,,)nen of real RVs is called a (discrete time) stochastic process (SP).

b) Let (X,,)nen be a stochastic process. A probability measure p on Q = RY, with F = B(R)®N
(product c-algebra), is called the canonical representation of (X,,),ey if for all n € N and all

Ay, ..., A, € B(R), we have

P(X, € Ay,..., X, €A,)=p(A x...x A, x RY).

(4.3) Theorem

For an arbitrary stochastic process (X,,), the canonical representation exists and is unique (as
a measure).

Proof: exercise; see also Kallenberg or Durrett. In the course ’Stochastic Processes’ we will see
a much more powerful existence result (Kolmogorovs extension theorem). 0J

(4.4) Definition
a) A family (F,) of o-algebras is called a filtration if for each n € N, F,, C F,41.
b) A stochastic process (X,,) is called adapted to a filtration (F,) if X,, € mF, for all n.

(4.5) Examples
a) Let (X, ) be a SP, F,, := 0(Xy,...,X,). Then (X,,) is (F,)-adapted, and Y € F,, & Y =
f(X1,...,X,) for some measurable f: R” — R (by (3.20)).
b) o(Xy,...,X,) is the minimal filtration such that (X,) is (F,)-adapted (why? Why not F,, =
o(X,)?). But (F,) can be much larger than that. Find simple examples for larger filtrations!

) In Example (4.1), with F,, = o(X1,...,X,), we have that (Y,) is (F,)-adapted, and that
a,) is F,_1-adapted.

(

(4.6) Definition
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Let (F,) be a filtration and (X,,) an (F,)-adapted process with E(|X,,|) < oo for all n. (X,,) is
called a

a) martingale if E(X,11|F,)(w) = X, (w) for almost all w.
b) supermartingale if E(X,,11|F,)(w) < X, (w) for almost all w.
c) submartingale if E(X,41|F,)(w) = X, (w) for almost all w.

(4.7) Remark
a) (X,) submartingale < (—X,,) supermartingale.
b) (X,) and (—X,,) submartingales < (X,,) is a martingale.

¢) Let (X,,)n >0 be a stochastic process. Then:
(X,) is a (sub-), (super-) martingale < (X, — Xy) is a (sub-), (super-) martingale.

d) These remarks allow us to state many facts only for submartingales: They then also hold
for martingales (by b) =), and the 'negative’ statements hold for supermartingales (by a)). c)
says that (de-)randomizing the starting point of a SP does not change its martingale property.

(4.8) Proposition
Let (X,,) be a submartingale. Then
VYm > 0: E(X,m|Fn) = X, as.

Proof: Exercise. O

(4.9) Examples
a) X,, independent integrable RVs, F,, = o(X; : i < n), Fo = {0,Q}. Then
n martingale if Vn : E(X,,) =0,
S, = Z X; is a { submartingale if Vn : E(X,,) > 0,
' supermartingale if Vn : E(X,,) < 0.

b) X, independent RVs, E(X,) = 1 for all n, F, as in a). Put M, = 1, M,, = [[_, X,.
Then (M,) is a martingale (exercise!). In particular, this is true for M,, = exp(3_}_, Y;) when
E(expY;) = 1 and the Y; are independent.

c) Let X be an integrable RV, (F,) an arbitrary filtration. Put Y, := E(X|F,) (information
available on X by only considering sets from F,,). Then

E(Yo|Fr-1) = E(E(X| )| Foe1) = E(X|Fo1) = Yoo,

so (Y,) is a martingale.

We now extend the idea of a gambling strategy from (4.1).



PROBABILITY THEORY 61

(4.10) Definition
Let (F,) be a filtration. A stochastic process (C,,) is called previsible if C,, € mJF,_; for all n.

(4.11) Defintion

Let (F,) be a filtration, (X,,) an (F,)-adapted SP, and (C,,) an (F,)-previsible process. The
process (Y,,) with

Yo(w) = Cr(w)(Xi(w) — Xpo1(w))

is called the discrete stochastic integral of (C,,) with integrator (X,,).

In this case, we write Y,, = (C @ X),,.
If (X,,) is a martingale, (Y,,) is called the martingale transform of (X,,) by (C,).

(4.12) Theorem
Let (F,) be a filtration, (C),) previsible, (X,,) a submartingale (supermartingale). Assume

either (i) that ||C, || < oo for all n,

or (i) that C,, € L* and X,, € L%

Then

a) If C,, > 0 for all n, then (C e X),, is a submartingale (supermartingale).
b) If (X,,) is a martingale, then also (C' e X),, is a martingale.

Proof: Both (i) and (ii) guarantee that E(|(C e X),|) < oo for all n. Furthermore,
E((C o X)y|Fn-1) =(CoX)p 1 +E((CoX), = (CoX)y1|Fn1)=

—(C o X)nt + E(Co(Xp — X )| Fur) = (C 0 X)pr + Cy (E(Xn|]-‘n_1) . Xn_l).

The two claims now follow immediately. OJ

(4.13) Remark

The interpretation of Theorem 4.12 is maybe more important than the statement itself.

1) We think of each w € Q as one of the (pre-determined, but unknown) possible series of
outcomes of all rounds of a game of chance.

2) The process (X,,) is the amount of money you have in round n if you win/lose precisely
(X; — X;_1) Euro in round j, j < n, and if the game is governed by w.

3) The o-algebra F,_; is all the information that you have in round n — 1; this can be just
the outcomes of the previous rounds (then F,, = o(X; : j < n)), or it can contain additional
information on the previous rounds, such as the face of your opponent after getting her hand
of cards for the current round.

4) If (X,,) is a martingale, then E(X,|F,—1) = X,,_1 means that if we have perfect information
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on everything that can be known up to round n — 1, based on that information the best guess
for our money after round n is to be exactly equal to what we have in round n — 1.

5) For a supermartingale, it is as in 4), but now the best guess is that we will lose money in
round n (unfavourably unfair game).

6) The fact that the process (C,) is previsible means that the value of C),(w) depends entirely
on the information up to round n — 1. So, C,, is a gambling strategy for round n that is allowed
to use all information from the past, but cannot use information for the future. This means
that in round n, we bet exactly C,, Euro.

7) The process (C' o X),, is the money that you have after round n if in round j < n, you
increase/decrease all winnings/losings by a factor Cj.

8) The statement of (4.12) says that you can’t beat the system: Statement a) says that if a
game is rigged against you, and if you can only bet positive amounts of money, then your best
strategy is to stop playing immediately. Everything else will lose you money more likely than
not. Statement b) says that if a game is fair, then no strategy will make it possible to win (or
lose) money of average.

A very important special gambling strategy are stopping times.

(4.14) Definition

Let (F,) be a filtration. A RV T : Q@ — Ny U {oo} is called a (F,)-stopping time (or simply
stopping time) if
Vn € NgU{oo} : {T < n} € F,.

(4.15) Lemma
T is an (F,)-stopping time if and only if {T" = n} € F, for all n.

Proof: Exercise. O

(4.16) Examples
(X)nen SP, F, = 0(X; 1 j < n).
a) T(w) := inf{k € N: X;(w) > ¢} is a stopping time, since

{T>n}={Vk<n: Xy <c} =) X ((—00,d) € Fu.
——_— ——

k=1 EFg

b) T :=inf{n : X, 14 > ¢} is not an (F,)-stopping time, but it is an (F,4)-stopping time.

c) S :=sup{n: X, > ¢} is usually not a stopping time. Exercise: find natural examples where
S is not a stopping time, and find special cases where S is a stopping time.
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(4.17) Definition

Let (X,) be an (F,)-adapted SP and T' be an (F,)-stopping time. The SP (Xzap), with
Xran(W) = (Xr@)an)(w) is called the process (X,,) stopped at T'. Sometimes this definition is
extended to cases where T is not a stopping time.

(4.18) Theorem

Let (X,,) be an (F,)-adapted process, Xo = 0 and T be an (F,)-stopping time. Then:
a) (Xran) is (Fp)-adapted.

b) If (X,,) is a (sub-, super-)martingale, then (Xrz,,) also is a (sub-, super-)martingale.
Proof:

0 if T(w)<i

Xrpn(w) = Z Ci(w)(Xi(w) — X;_1(w)) with Cj(w) = {1 if T(w) > i.

(To see this, check the cases {T" < n} and {T > n} separately.) Since {C,, = 0} = {T' < n} =
{T < n—1} € F,_4, the process (C,,) is previsible. In particular, a) holds, and b) directly
follows from Theorem (4.12) (i) since |C;| < 1 for all j. O

(4.19) Example: Distribution is Random Walk Hitting Times

Let (Xn)nen be iid with P(X; = £1) = 1/2, Xo = 0. Set S, = >_7_, X; (simple random walk),
Fo=0(X;:j<n) check this! o(Sj:j<n),and T := inf{n : S, > 1} < oco. Since (S,) is
(Fn)-adapted, T is a stopping time. Can we compute its distribution? L.e., can we find out how
long it will take until the random walk is positive for the first time?

To do it, fix # > 0 and let

n

1 1
M, = M, _ 05, (w) _ H( 9Xi(w)> Vo — Moo — 1.
() on(w) (cosh O)" ¢ Pl cosh 6 ¢ ’ 0 8,0

Since E(e’*i) = (e’ + ¢7?) = cosh(6), (M,) is a martingale by Example (4.9 b), and thus
E(M,) = E(My) = 1. By (4.18 b), also E(Mr,,) = 1 for all n. Next we show that Mg,
converges pointwise: we have that

1 if T(w) < n,
= ¢ ¢’ /coshf if T'(w) =n+1,
efXn+1(@) /cosh < e /coshf if T(w) >n + 1.

M7 \Ant1 (w)
MT(w)An (w)

The second case holds since the step from 0 to 1 must be positive. We conclude that

lim MT(w)/\n(w) = MT(w) (w)l{T(w)<OO}

n—o0
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exists for all w € €. (This is a special case of the famous Martingale convergence theorem we
will prove later.) We can even compute the pointwise limit in case of T'(w) < oo,

Mgy (w) = (cosh )T et = (cosh §) 7 ef .
Now we can apply dominated convergence, since S, < 1:

1= lim E(Mzp,) = E(lim Mza,) = e’ E((cosh6) " 1ireoy).
n—oo n—oo

This holds for all # > 0. Taking the limit § — 0 (dominated convergence again!), we find first
that P(T" < co) = 1. Using this, and setting « := 1/ cosh §, we find that

e =E(a) = ZoszP)(T =),
j=1
i.e. we have computed the probability generating function of 7. Therefore, and since e =

cosh § — sinh § = 1=v1=a” V;_o‘z by the addition theorems for cosh and sinh, we conclude that

d1-vIi—a? —a2| _ Ly I(3/2) .
dad a a0 T(m+ 1)[(3/2 —m) V=21

This decays like m=3/2 for large m.

P(T = )=

(4.20) Observation

In (4.19), in the context of gambling 7" is the strategy to go home after winning exactly one
Euro. Since P(T' < o0) = 1 and Sy = 1 on {T' < 0o}, we have E(Sr) = 1. So, with this strategy,
we seem to win 1 Euro on average, despite the fact that S, is a martingale.

This seems to be a contradiction with (4.13). Can we beat the system after all?

The answer is no. In practice, we have to stop playing at some point, and E(Sy,) = 0 for
all n. Picturing the different paths of the random walk, there are many paths where for large
n, T" < n holds, and those contribute to our winnings. But for the very few paths where still
T > n, the random walk S,, tends to be very far away from zero; i.e. the probability that we
are losing is small, but if we are losing, we are losing a lot. If we increase n further, this split
becomes more extreme: more paths will give us winnings, but the losses on the losing paths
will be even more terrible.

The limit n — oo destroys all losing scenarios, but for finite n they exactly balance the winning
ones. Mathematically, what happens is simply that we cannot exchange limit and expectation
in the expression 0 = lim,, o, E(S7an)-

Our next Theorem investigates conditions under which such an exchange of limits is allowed.
Note that by our calculations in (4.19), E(T") = oc.

(4.21) Doobs Optional Stopping Theorem

Let (X,,) be an (F,)-submartingale, and 7" an (F,,)-stopping time. Assume at least one of the
following conditions:
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(i): T is a.s. bounded, i.e. 3N e N: P(T'> N) = 0.
(ii): (X,) is a.s. uniformly bounded and T is a.s. finite, i.e.
dK <o0:Vne N:P(|X,| > K) =0, and P(T' = o0) = 0.
(iii): T is integrable and (X,) has a.s. bounded increments, i.e.
E(T) < o0 and JK <o0:VjeN:P(|X;11 — X;| > K)=0.
Then
E(X7) > E(Xo).
Proof: By (4.18), (Xrx,) is a submartingale.
If (i) holds, then E(X7 — Xo) = E(Xray — Xo) = 0.
If (ii) holds, then for all n, | X7, — Xo| < 2K a.s., and by dominated convergence then
E(X7 — Xo) = nh_glo E(X7an — Xo) 2 0.

If (iii) holds, then almost surely for all n,

T(w)An
Xromle) = Xo@)| = | 32 (Xilw) = X ()| € KT(w)
k=1
Since T' is integrable by assumption, dominated convergence as above gives the result. 0

(4.22) Corollary

If in (4.21), (X,,) is a martingale (supermartingale), then under the same assumptions E(X7) =
E(Xo) (E(Xr < E(Xo)).

(4.23) Corollary

Let (M,) be a martingale with bounded increments, (C,) a uniformly bounded previsible
process, and 7' an integrable stopping time, all with respect to some filtration (F,). Then

E((C e M)7) = 0.
Proof: C e M is a martingale with bounded increments. Apply (4.22). O

A good sufficient condition for E(7) < oo is given below. It says that at any time n,
conditional on the past, the stopping happens in the next N steps with probability at least e.

(4.24) Lemma
Let (F,) be a filtration with Fy = {0, 2}, T be an (F,)-stopping time, and assume

AN eNe>0:YneNy:P(T < N+n|F,) >cas.
Then E(T) < oc.
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Proof: We first show by induction that
(*) P(T>kN)<(1—-ef VkeN
For k = 1, this holds since
P(T>N)=P(T > N|F) =1—-P(T'< N|Fy) <1—e.
Assuming that we have shown (%) up to some k € N, we have

P(T > (k+1)N) = E(E(1yrs sz Lirseny | Frn)) =
=E(lgrseny  E(lgrsgenmyFen) ) < (1 —=)P(T > kN) < (1 - )"

4

~
<1—¢ by assumption, with n=kN

Therefore,

E(T) = f:IP(T >n) < NiIP(T > kN) = g < 0.

k=0

The next theorem is one of the most important results of martingale theory.

(4.25) Doobs Martingale Convergence Theorem

Let (X,,) be a supermartingale which is uniformly bounded in L', i.e. with sup{E(|X;|) : j €
N} < oo. Then lim,,_,o, X,, exists and is finite almost surely.

For the proof, we need some preparations.

(4.26) A gambling strategy

Let (X,,) be a SP. As before, X,, — X,,_1 represents the win/loss in round n. X,, is the total
win/loss that you would get after round n by playing the game every round, but you can choose
to not play in some rounds. Consider the following strategy:

1) Pick two numbers a < b.

2) Do not play the game until X, (w) < a for some n;, then start playing until X, (w) > b for
some ng > n;.

3) Stop playing at time ng, until a time ng > ny when again X, (w) < a, then start playing
again until some n, for which X, (w) > b.

4) Continue in this way indefinitely. Each time between ny;_; and ny; (j € N), we win at least
b—a.

Formally, we set C1 = 1{x,<q}, and

Cn = Lcn=131x0ms <0y + Loui=0y Lix, o1 <a)-

(C,,) is previsible and implements the above gambling strategy. The main idea of the proof of
Theorem (4.25) simply is that if (X,,) is a supermartingale (or a martingale), then this strategy
cannot be successful, since we cannot beat the system. Therefore for almost all w € €2 and all
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intervals [a, b], the sequence n +— X,,(w) only ’crosses’ [a,b] finitely many times. We will now
see that this idea actually works.

(4.27) Definition
Let @ = (x,)nen be any real-valued sequence. For a < b let
un o () = max{k € N: 35y <ty <s9 <ty <...<sp <t <N with z,, < a,zy, > bVi}

denote the number of upcrossings of the interval [a, b] performed by x before time N.

(4.28) Lemma
Let & be any real sequence, and assume that for all a,b € Q, a < b, we have

]\}gnoo UN ) (X) < 00.

Then lim,, 4, 2, exists in [—o0, o).

Proof: Assume that the limit does not exist. Then we can find a,b € Q with liminfz, < a <
b < limsup x,,, which means that limy_, UN,[a,b](iU) = oo for these a,b. This is excluded by
assumption, so (z,) must converge. O

(4.29) Doobs Upcrossing Lemma
Let X = (X,,) be a supermartingale, a < b,

Cn = 1o =131 xy <y + 1{cn =0y L (X0 1 <a}»
and Y,, = (C' e X),,. Define

Z/{N,[(L,b} (CL)) = uN,[CL,b} (X((.U)) ‘
Then

a) For all N € N and all w € Q,
Yn(w) = (b — a)Un fap(w) — max{a — Xy(w),0}.
b) (b — a)E(Uny o) < E(max{a — Xy,0}).

Proof: (i) is clear: each crossing of [a, b] contributes at least b — a, and in case that Cy(w) = 1,
the loss in the last unfinished upcrossing period is not larger than |a — Xy (w)].

(ii): Since (C,,) is previsible and bounded, (Y},) is a supermartingale. Thus E(Yy) < E(Yy) = 0.
The result follows by integrating the inequality in a) and rearranging. O

(4.30) Corollary
In the situation of (4.29), assume in addition that ¢ := sup,, E(]X,,|) < oco. Then
]P( li Z/{N,[a,b] = OO) = 0.

N—
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Proof: By (4.29) and max{a — b,0} < |a| + |b|, we have
(b — a)EUn o)) < [a] + E(|Xn]) <a] + ¢

Since N +— Un [4,4) is monotone increasing, monotone convergence gives

. la| + ¢
<
B(im Uyion) < 5= < o0
and thus P(imy e Un a5 = 00) = 0. O

(4.31) Proof of Theorem (4.25)
For a,b € Q, let

App ={we: A}im Un o) (w) = 00}, and 0 =0\ | l Aoy
— 00
a,beQ

By (4.30) and o-additivity, P(€2,) = 1. Since Uy [q5(w) < oo for all a,b € Q for all w € Oy by
construction, (4.28) implies that lim,, ., X, (w) exists for all w € ©; in [—o0, 00]. Now,

- . Fatou
E(lim |X,|) "™ 2 * Eliminf [X,]) < lminfE(|X,|) < supE(|X,]) < oo.
n—o0 n—o0 n—oo n

So, P(lim,, 00 | Xy | < 00) = 1. O

(4.32) Corollary

Theorem (4.25) holds for submartingales (X,,).
Proof: Apply it to (—X,,). O

(4.33) Corollary
Let (X,) be a nonnegative supermartingale. Then P(lim,, ., X,, exists and is finite} = 1.

Proof: E(|X,|) = E(X,) < E(X)) since (X,,) is a supermartingale. Thus (X,,) is uniformly
bounded in L', and Theorem (4.25) applies. O

(4.34) Example

Recall the exponential distribution: X ~ Exp(3) means that P(X > «) = e . Now let (V})
be iid and Y; ~ Exp(1) for all i. Define recursively

_ 1 <&
Xl - YL Sn = E Zleu Xn—l—l(w) - Sn(w>Yn+1(w>‘

Do the following exercises:

a) Check as an exercise that F,, := o(X; : i <n) =o(Y; : i < n), and that
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b) Using S,;1 = nLHSn + —=Xu41, conclude that (S,) is a martingale.

1
n+
c¢) Show that lim,,_,., S, exists a.s.

Note that if the (X,) would be iid and integrable, then the strong law of large numbers would
give that .S,, converges almost surely, and would also identify the limit, namely the constant RV

E(X}). In the present case, the limit will not be constant (why?). Can you find out anything
about it or its distribution?

Another very useful property of martingales is that the distribution of the maximum up to
n is governed by the distribution of the n — th step.

(4.35) Doobs Submartingale Inequality

Let (X,) be a submartingale. Then for all ¢ > 0, n € N,
Plnax X > €) < (X Lmae, 50 2)).
In particular, if (X,,) is nonnegative, then P(maxy <, X; = ¢) < %]E(Xn)
Proof: For k € Ny, put
Ay ={X} > ¢, X; <cVj <k}
Then A; € Fi,. We have for n > k :

submartingale Xilay, = cla,

E(Xnla,) = B(E(Xpla, [Fr)) = B(Ly B(Xa[Fe) =2 E(laXx) =2 cP(A).

Since {maxy <, X, > ¢} is the disjoint union of the A with k£ < n, summing the above
inequality over k < n gives the result. O

The next lemma is simple but extremely useful. The short version is that convex functions
of martingales are submartingales. The long version is

(4.36) Lemma

Let (X,) be a martingale, ¢ : R — R a convex function with E(|p(X,)|) < oo for all n. Define
Y, = ¢(X,). Then (Y,,) is a submartingale.

Proof:

Jensen

E(Yni1lFn) = E(p(Xn)|Fn) 2 @(E(Xni]Fn))

martingale

o(X,) =Y.

0J
Remark: In (4.36) the assumption E(|p(X,,)|) < oo for all n may be weakened by the condition
E(p(X,))T < oo for all n. (Exercise)
(4.37) Corollary
Let (X,,) be a martingale. Then for all ¢ > 0, n € N,

1
Pmax [Xe| > ¢) < “E(1XalLfmax, < 1301 > ) <

k<n

Q-

E(|Xa]).
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Proof: z +— |z| is convex. Use (4.36) and (4.35). O]

(4.38) Reminder and Remark
For a RV X, its LP-norm is defined as

X1l = E(X[")” < co.

You may know from measure theory that this is a norm on the set of (equivalence classes of)
functions for which it is finite.

(4.39) Doobs LP-maximal inequality
Let (X,,) be a nonnegative submartingale. Then for all n € N, for all p > 1:

p
e Xillp < 27 1Xnllp:

X

Proof: For nonnegative RVs Z and Y, r > 0, we have (exercise!) that

(*) E(ZYT> =r / tTﬁlE<Zl{y > t}) dt.

0
Thus,

E(] £n<aXXk|p) (2=t p/ P~ P(max X, > t) dt
" 0

k<n

X

(4.35) 0 (+),Z=Xn
< p/O t? 1%E<Xn1{maxk <nXg 2 t}) dt =

Hoélder,q= -1
Xl e X2 g = 2511 B (e X @V,
X nllp E<n k q p—1 niip k<n k

L-(X, (max X;)?1)

p—1 k<n

Assume first that E((maxg <, X3)?) < co. Then using that (p —1)¢g = p and 1/¢g = 1 —1/p,
we divide both sides by E((max <, Xz)?)'~'/? to obtain the claim. For the general case, fix
K < oo and let T'= inf{n € N: X,, > K}. Then T is a stopping time, and thus (X7,,) is a
submartingale. We thus have

B max Xpl?) < 725 X, Emas X2, (4.1)

<

by the calculation above, and
E(inga}é X%D“/\k) = E(l{maxk <n XAk <K} ingail( Xén“/\k) + E(l{maxk <n Xra>K} o }Cnga)é X?“Ak)
< K"+ E(XD,) (4.2)
by definition of T. Now we distinguish two cases. In the first case, let E(X%. ) < oco. Then
(4.2) implies E(maxy, < , X2.,,) < 0o and dividing both sides of (4.1) by E(maxy, < , X%, )~ 1/P

yields

(B(| max Xrni)) P < 525 | Xl

X
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To finish in this case the proof, let K’ — oo and use monotone convergence. For the second case
assume E(X7., ) = co. Using monotone convergence and the conditional Jensen inequality, we

obtain
E(X?) = E(E(X|F, 1) = lim E(E
M— o0
> lim E(E(X, A M|F,_1)") = E(E
M —o00

(Xn A M)p’}-n%»
Xn‘]:nfl)p) > ]E(Xn71>p~

Iteratively, this gives: E(X?) > E(X?) for all m < n. Thus, in the second case it follows
E(X?) = co. This means || X,||, = 0o, in which case our claim is trivial. O]

We end this section by looking at classes of martingales with extra integrability properties.

(4.40) Definition
A martingale (M,,) is called bounded in L* (or: an L*-martingale) if sup{||M,|s : n € N} < co.

(4.41) Proposition
Let (M,) be a martingale with M, € L? for all n. Then
a) the increments of (M, ) are orthogonal i.e.,
Vi<j<hk<l:  (M;— M,M— M) :=E(M, — M)(M - M,))=0.
b) For all n,
E(M;) =E(M3) + ) E((Myp — Mp1)?)

m=1

Proof: We have
E((Mj = M;)(My— My)) = E((M; — M;)E(M; — My | Fr)) = E((M; — M;) (E(M,|Fy) — My)) = 0,

~~
=0

so a) holds. For b), we have

E(M?2) = E((MO +3 (M, - Mm,l)f) = E(M2) +2E(My > (M — M)

+ Z ZE((Mm — My 1) (M, — Mp—l))'

By a), the mixed terms in the last line vanish, and the last term in the first line is 0. |

(4.42) Theorem

Let (M,) be a martingale with M, € L? for all n. Then
a) (M,) is an L?-martingale if and only if Y >° | E((M, — M,_1)?) < co.

b) For any L*martingale, M := lim,, ., M, exists a.s. and in L.
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Proof: a) follows directly from (4.41). For b), note that E(|M,|) < E(|M,|?) + 1, and since
(M,,) is bounded in L? we have that sup, E(|M,|) < co. Thus almost sure convergence follows
from Theorem (4.25).

For L?-convergence, let M., be the almost sure limit. Then by Fatous Lemma,

E((My — M,)?) = E(li;n inf (M, — M,)?) < lim inf E((My,, — M,)?) = (%).

Applying Proposition (4.41), we find

n+k 00
() =lmint >, B0 = Mi)*) = 3 E((M; = My)?) =570
j=n+1 j=n+1
The claim is shown. 0

L?-martingales can be used to discover interesting facts about sums of independent RVs:

(4.43) Lemma
Let (X,,) be indep. RVs with E(X,,) = 0 and ¢2 := V(X,,) < oo for all n. Define

M, = i;Xi, A, = Zaf.

Then (M,) and (M? — A,,) are martingales.

n

Proof: exercise. O

(4.44) Theorem
Let (X,,) be indep. RVs with E(X,,) = 0 and ¢2 := V(X,,) < oo for all n.
a) If Y7 02 < oo, then Y 2 X, exists a.s.

n=1"n
b) Assume that the X, are a.s. uniformly bounded, i.e. that there exists K < oo with X,,(w) <
K for all n and almost all w. Then the reverse implication to a) also holds, i.e. in this case

o o
E ol<oo & E X, exists a.s.
n=1 n=1

Proof: a) Set M, = Y I X,. (M,) is an L*-martingale, since E((M,41 — M,)?) =
E(X?2,,) = 02,4, now use (4.42 a). So claim a) follows.

For b), only <= remains to be shown. Define (M,,) and (A,,) as in (4.43). The idea of the proof
is as follows: we assumed that (M) converges a.s. Now (M2 — A,,) is also a martingale, and
uniform boundedness of the X; means that it has a very good chance to converge, too. Then
(A,,) also converges. The implementation of ’has a very good chance’ needs a bit of care.

Fix ¢ < 0o, and define

T(w) =Te(w) :=inf{k € N: |M(w)| > c}.



PROBABILITY THEORY 73

T is an (F,)-stopping time, and N,, := M? — A, is an (F,)-martingale. Thus by Theorem
(4.18), (Nrnn) is a martingale, and thus

TAn
M%/\n - ZU
By the definition of T', M(prn)—1 < ¢ for all n. By the uniform boundedness of the Xj,

Mpyan (W) = Mryrn-1(w) + Xrean(w) <c+ K

almost surely, and thus
TAn

E(Y o) =E(M3,,) < (c+ K

for all n. Since (M,,) converges a.s. (by assumption!), we find that
=P({w : (M,(w))nen is bounded) =P(Jc > 0: VN € N: |My| < c¢) =

=P(3e>0:T. = o00) =P J{w € Q: Tuw) = 00}).
c=1
Thus, there exists some ¢ € N with P(7. = 00) = py > 0. We conclude that for this ¢ and all
n e N,

TeAn TeAn

U——E alToo O'lToo 1E( f)<(0+—[(>2
{ } { }

i1 Po
The proof is ﬁmshed. O

(4.45) Corollary
Let (X,,) be a.s. uniformly bounded, independent RVs. Then

Sup|ZX|<oo)>O < P(lim ZX exists in R) = 1.

TL*}OO
neN i1

Proof: follows from the proof of Theorem (4.44); exercise. 0J

(4.46) Example: Random signs

Theorem (4.44) has the following nice application. You know from Analysis 1 that there are
sequences (a,) with a, > 0 for all n, where lim,_,o a, = 0 but > a, = co. In the class of
sequences where a,, = n~7, this happens if and only if v < 1.

On the other hand, if the sequence (a,,) is also monotone, then the alternating version y .-, (—1)"a,,
always converges, no matter how slowly (a,) goes to zero (Leibnitz theorem). Of course, the
reason is that positive and negative contributions cancel because of the extremely regular pat-
tern of positive and negative signs. So when a,, = n™7, the alternating series converges for all

v > 0.
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An interesting question is what happens with random signs: Let (g,,) be iid with P(e,, = £1) =
1/2. What is the right condition for Y °  e,a, to converge (a.s.)? The answer is given by
Theorem (4.44): we set X,, := €,a,, and obtain

oo o0
5 Ena, €xists a.s. & E ai < 00.
n=1

n=1

Thus, sequences of the type a, = n~7 with random signs converge if and only if v > 1/2.
The proof of the following statement about random signs is left as an exercise:

o0

lim sup g g;a; = — lim inf E €i0; = OO a. S. & g a% = 00.
n—o00 —1 n—oo 1
n=

(4.47) Remark

We know that when (M,,) is a martingale with M,, € L? for all n, then (M?) is a submartingale
(why?). So (M?) is ’increasing on average’: E(M?2|F,_1) > M?2_, almost surely. Lemma (4.43)
says that when (M) is the sum of n independent square mtegrable RVs, then we can correct
(M?) back to a martingale by subtracting a strictly increasing process, namely the deterministic
process (A,) which is the sum of the first n variances. The next result is not hard to prove, but
it is remarkable because it says that for a completely arbitrary L?-martingale, such a monotone
increasing correction of the submartingale (M?) to a martingale is possible, it is unique, and
we can give a formula. We first give the axiomatic definition.

(4.48) Definition

Let (M,) be a martingale with respect to the o-algebra (F,) with M, € L? for all n. Any
process with the properties

(i): (A,) is (F,)—previsible, i.e. A, is F,,_1-measurable for all n,

(ii): Ap = 0, and (A,) is increasing in n a.s., i.e. the sequence n — A, (w) is monotone increasing
for almost all w,

(iii): (M2 — A,) is an (F,)-martingale,
is called a quadratic variation of the martingale (M,,).

(4.49) Theorem

In the situation of (4.48), there exists a unique (a.s.) process that has properties (i)-(iii). This
process is called the quadratic variation process for (M,,). It is given by the formula

ZE M, — My_1)*| Fis) ZE M2 — M2 || Fiei).
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Proof: We first show that the two expressions in the formula coincide:
E((Mi — My—1)?|Fir) = B(Mg|Fi1) + M_y — 2Myy E(My | Fir) = E(M; — Mi_y| Fjn).
M,
=M1

Now we show that (A,) is a quadratic variation. From the first expression on the right hand
side of the formula we read off that Ay = 0, and that A,, is increasing and previsible. From the
second expression we conclude that

E(M3|Fn—1) - Mr%—l = E(M'r% - M3_1|}—n—1) = Ap — Ay
Using that (A,,) is previsible and rearranging gives
E(Mf - An‘}—n—l) - Mi—l — An-,
which shows that (A,) is a quadratic variation.
Finally we show uniqueness. Let (A,) be any process fulfilling (i)-(iii). Then for all 1 < k < n,
E(M; = Ag|Fir) = Mi_y — Ay,
and therefore (by previsibility)
Ay — Ay =B(ME — M2 ||Fil1).

Summing this up from k = 1 to n, and using Ay = 0, we find that A, = A,, almost surely. O

(4.50) Notation

If (M,) is a martingale with M, € L? for all n, we often write ((M,)),en for its quadratic
variation.

If we give up the monotonicity requirement, we have an even more general decomposition
into a martingale and a previsible process:

(4.51) Doob Decomposition

Let (X,,) be an (F,)-adapted process with X,, € L' for all n. Then there exists an a.s. unique
pair ((M,), (Ay)) where (M,) is a martingale with M, = 0, (A,) is a previsible process with
Ag = 0, and for all n,

X, =Xo+M,+ A, almost surely.

Here, (A,) and (M,,) are given by the formulae

Ap = EB(Xy = Xpa|Ficr), My = Xo — Xo — Ap.
k=1
Proof: Imitate the proof of Theorem (4.49). Exercise. O]

We will now see one reason why the quadratic variation is very useful. (another one will
come in the module Stochastic Processes where we do stochastic integrals).

(4.52) Lemma
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Let (M,,) be a martingale with M,, € L? for all n and My = 0. Then (M) (w) := lim,, o (M) (w)
exists a.s. in [0, 00|, and

E((My)) <o & (M,) is an L*-martingale.
Proof: Since n — (M,)(w) is increasing a.s., the limit (M )(w) exists a.s. Monotone conver-

gence gives
E({(Mwx)) = lim E((M,)) = sup E((M,)) = sup E(M).

n—00 neN neN

The last equality holds (even without the sup, ) because (M? — (M,)) is a martingale. The
claim is shown. OJ

The following Theorem should be compared with the Martingale convergence Theorem
(4.25). Note in particular that uniform L'-boundedness is not assumed below.

(4.53) Theorem
Let (M,) be a martingale with My = 0 and M, € L? for all n. Write A, = (M,), and
Ao = lim, 0 A, € [0, 00].

a) lim, . M, exists a.s. on the set {A. < oo}, i.e.

P(Ay < o0, lim M, does not exist) = 0.

n—oo

b) If we assume in addition that (M) has a.s. uniformly bounded increments (i.e. that for
some K < oo, we have |M,, .1 — M,| < K a.s.), then the following converse of a) is also true:
Ay < 00 a.s. on the set {lim,,_,o, M, exists.}. In other words, in this case

P(Aw = o0, lim M, exists) = 0.
n—oo

c) A reformulation of b): In the situation of b), we can find a set €y of measure zero so that
for all w ¢ Qq, lim,,_,o, M, (w) exists if and only if A (w) < co. Note: We make no statement
about the value of P(lim,,_,o, M, exists).

Proof: a) For k € N, we define
S(k,w) :=1inf{n € Ny : A,11(w) > k}.

For each k, the map w — S(k,w) is a stopping time, since

n

{S(k, ) >n} ={Vj <n: A <k} =[)A47}((—00,k]) € F.

J=0

In the last statement, we used that (A,) is previsible. Since S(k,.) is a stopping time, the
process (Mg, an) is a martingale. We claim that

(Ms(k,)an) = AS(k,)An- (%)

To see (), first note that since (M2 — A,,) is a martingale, the optional stopping time guarantees
that (Mg(k")m — As(k,)an) is a martingale. Since Agp 0 = Ao = 0 and n = Aggwyan(w) is

90
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increasing, it remains to show that (Agw,)a,) is previsible. This is true since (A,) itself is
previsible, and thus

{Asgynn < C} = D {S(k,.) =m, A, <CYU ({S(k,.) <n—1}N{A, < C}) € Fo1.

So () holds, and
E( lim Aggenn) = E(Asr,) Lasn, yeod T Aol gy, jon)) < 28 <00,
n—oo N— — \ /
<k <k

By Lemma (4.52), we conclude that for all k, the martingale (Mg yr,) is bounded in L? and
thus converges a.s. This means that for each k,

P(S(k, .) = oo, lim M,, does not exist) = P(S(kj, .) = 00, lim Mg, jan does not exist) =0.
n—o0 n—oo
Since

{A <0} ={3k e N: S(k,w) < 00} = G{S(k‘,) = o0},

a) now follows from

P(As < 00, lim M, does not exist) < E P(S(k,.) = oo, lim M,, does not exist) = 0.
n—o0
k=1

n—o0

For b), note first that

P(Ay = 00, lim M, exists) < P(A,, = oo, sup |M,| < o0) =: p.
neN

n-yoo
Assume now that b) is false and thus p > 0. Then there exists ¢ > 0 so that

(x%) P(Ax =00,T(c,.) =00) >0  where T'(c,w) = inf{n € N: |M,(w)| > c}.
Since (M%(C“) an — Ar(c,)an) s @ martingale, we have

E(Ar(e,yan) = E(M7( ypn) < E(Mrpeyan-1 + K)?) < (¢4 K)*.

Taking n — oo and using monotone convergence gives E(Az(,)) < (¢ + K)?, and so
1 =P(Ax < 0) =P(Ax < 00,T(c,.) = 00) + P(Ax < 00,T(c,.) < 00) =
=P(T(c,.) =00) —P(Ay = 00, T(c,.) =0) +P(T(c,.) <o) =1—-P(Ax = 00, T(c,.) = 0).
This means that P(A,, = 00,7 (¢c,.) = 00) = 0, in contradiction to (*x*). So, b) must hold.

c) now is a direct consequence. 0J

As a preparation for the next Theorem, we need the following classical results from real
analysis:

(4.54) Cesaros Lemma
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Let (v,,) be a convergent sequence with limit v.,, and (¢,) a nonnegative sequence with ¢; > 0
and > 7 ¢, = co. Then

In words: weighted averages of convergent sequences converge to the same limit as the original
sequence.

Proof: exercise. O

(4.55) Kroneckers Lemma

For any monotone decreasing sequence (a,) with lim, . a, = 0, and any real sequence (z,)
the following statement holds:

n n
If lim Zakxk exists, then lim a, ka = 0.
n—o0o
k=1

n—00
k=1

Proof: Put u, =Y __, axzy. We have

~ “1 Uy, 1 1
;Jfk—za_k(uk_uk—l)—a__ (a—k— )Uk—l-

k=1 L k-1

Thus with k,, := ai, Cp 1= Zy — 2Zp—1 We have 2z, = Y ,_, ¢ and

n
n n
1
Ay, E T = Up — — E CrUp—1-
Zn
k=1 k=1

Since we assumed the convergence of (u,), both terms above converge to lim,, ., u,, the second
one by Cesaros Lemma. The claim follows. O

(4.56) Theorem (SLLN for martingales)
Let (M,) be a martingale, My = 0, and M,, € L? for all n. Then

1
lim ————M,(w) =0 for almost all w € {{M,) = c0}.
n=voo (My)(w)

In particular, lim,, .o mMn(w) exists almost surely.

Proof: We write A,, = (M,,) and define

3
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Since (A,,) is previsible, so is (1/(1 + A,)), and thus (X,,) is a martingale. We estimate (X,):

3

(Xn) = Y B((X = X51)*| Fir) =

E(% M~ My |t ) =
k=1 k=1

1—|—Ak)2<
. 1 " Ay — A . Ap — Ap
=y —— —E(My — My )} | Focr) = Y —— K
; TEW AL (M 1y 1) Fr-1) ; (L A)? S & (T AL+ Ay)
- =Ap—Ag_1 - -
N 1+A,, 1+A./ 1+ A,

k=1

This means that (X,) < 1 a.s., and so by Theorem (4.53 a), lim,,_,, X,, exists a.s.. Now for
w with A (w) = 00, the sequence a,, := T @) converges to zero, and so Kroneckers Lemma

(with x,, = M, (w) — M,,—1(w)) implies that

) 1

The first claim now follows. For the second claim, combine this with Theorem (4.53 a). O

(4.57) Remark

We know from Theorem (4.42 b) that an L*-martingale converges to its a.s. limit also in L2
Why is this interesting? Because it tells us that (in this case) the variance of the approximations
M, has anything to do with the variance of the limit M,,. In the next example, we see that in
cases where there is almost sure convergence but not L!-convergence, unintuitive things happen.
Recall that by the martingale convergence theorem, sup ||M,||: < oo implies the existence of
lim,, ,,, M,, almost surely.

(4.58) Example

Consider the following game: a fair coin is thrown n times. If all outcomes are ’head’, you get
2™ Euro. If at least one outcome is ’tail’, you get nothing. How much would you be willing to
pay for the privilege of playing the game? Will your answer depend on n?

There are two answers to this question. Both start with the observation that when (X,,) is a
sequence of iid RVs with P(X,, = 0) = P(X,, = 2) = 1/2, then the process (M,) with M, = 1,
M, =T];_, X; is a martingale, see Example (4.9 b).

a) First answer: Since (M,,) is a martingale, with an initial 'wealth’ of My = 1 the game is fair.
So, independent of n, you should pay 1 Euro to play the game. This point of view is supported
by the fact that E(M,,) =1 for all n.

b) Second answer: Your chance of winning anything at all is 27™. Of course, if you do win, you
win an astronomical sum for large n, but this will never happen when n is 100 or more, for
example. So, you should pay a bit for playing at very small n, but definitely not play when n
is very large.
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The first answer seems more mathematically well-founded, but the second one is the one most
people will probably choose. In contrast to other situations, the intuition here is not misleading.
The reason is that (M,) is a martingale with E(M,,) = 1, so it converges a.s.. What is the
limit? Of course, it is M, = 0. So, almost surely you lose in the long run. Also, this shows that
0 = E(lim,, M,,) < limE(M,,) = 1, an example where Fatou’s Lemma is a strict inequality.

The mathematical reason for this is that the distribution of the random variables (M,,) "hides’
almost all of its mass on a tiny subset of the original probability space Q = {0,2}: M,, = 2"
on the set {(Zy)men @ Tm = 2Vm < n} which has probability 27". In the remainder of this
chapter, we investigate what happens if we do not allow a martingale to "hide’ its mass. We
start with the appropriate definition. You should pay attention to the way in which a situation
like above is excluded by it.

(4.59) Definition
Let (X, )nesr be a family of random variables (the index set I can be uncountable). The family

is called uniformly integrable (short: Ul) if

Ve>0: dK<oco: Vnel: E(|Xn|1{\Xn\>K}> < €.

(4.60) Proposition
A familiy of finitely many integrable RVs is UL

Proof: Consider fist a single RV X. Assume that X is not uniformly integrable. Then there
exists € > 0 so that for all y > 0, E(|X|1{x|>y}) = €. Consequently,

E(|X]) = / P(X| > ) dy > / LX) > ¢ / Ly =,

so X is not integrable. Thus the claim holds for a single RV. For finitely many RVs, just take
the maximum of all the constants K that you find for each RV individually. This maximum
fulfils the UI condition. O

(4.61) Proposition
A family (X,,)nes of RVs is Ul if one of the two following statements is true.

a) There exists p > 1 so that (X;) is bounded in L?, i.e. such that sup,; E(]X,[?) < oo.

b) (X,) is dominated by one integrable RV X, i.e. there exists X € L' so that for all n € I,
X, <X as.

Proof: a) Let ¢ > 0, and choose K with K'?sup,,.; E(|X[?) < €. Then since p > 1,

E(|Xn|1{|Xn|>K}) = ]E(|Xn’p|Xn|1_p1{|Xn|1*P<K1*P}) < Kl_pE(|Xn|p) <E&.
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b) We have
SuI})]E(|Xn’1{\Xn\>K}) < E([X[1qx(>x3)
ne

for all K. The claim now follows from Proposition (4.60). O

(4.62) Example

We will now give an example of a Ul martingale. As we will see below, it is essentially the only
example. Let X € L' be a random variable, and (F,,) a filtration. Example (4.9 ¢) shows that
(M,) with M,, = E(X|F,) is a martingale. The interpretation of M,, is that by refining the
o-algebra from F, to F, .1, we discover more and more properties of X. Theorem (4.64) below
will imply that (M,,) is UL Before we state it, we need a strengthening of Proposition (4.60).

(4.63) Lemma
Let X € L'. Then for each £ > 0 we can find § > 0 so that

sup{E(|X|14) : A€ F,P(A) <} <e.

Proof: Assume the contrary, i.e. that there exists € > 0 so that for all § > 0, we can find a

set A € F with P(A) < 6 but E(|X[14) > e. Then we pick such a set A,, for each 4, = 27",
and define A := limsup,,_,, A,. Since ) P(A,) < oo, the Borel-Cantelli Lemma implies that

P(A) = 0. This means that

Fatou

0=E(|X|17) =E(|X|limsupla,) = E(|X|) — E(|X|liminf 14.) >
n—o0 n—0oo
> E(]X]) — liminf E(| X |14¢) = limsup E(| X |14,) > €.
n—oo

n—o0

This contradiction shows the claim. O

(4.64) Theorem
Let X an integrable RV on some probability space (€2, F,P). Let

¥ :={G C F:Gis aoc-algebra }.
Then the family (E(X|G))ges is UL
Proof: Use Jensens inequality first: |[E(X|G)| < E(]X||G). Thus

E(|E(XI9)| Lexign-r1 ) < E(E(X]6)Lgsexigism ) = E(XI1gecxiopr))-

In the last equality we used the definition of conditional expectation and the fact that 1¢g(x|g)>x}
is G-measurable. On the other hand, for all K > 0, Chebyshevs inequality gives

1

P(E(X|9) > K) < ZE(E(X|9))) < LEE(X||0)) = E(X)).
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Now let € > 0 and choose 6 > 0 so that the statement of Lemma (4.63) holds. Picking K >
E(]X])/d, we find

sup {E(|E(XI9)| 1qecxignory ) G € B} < sup {E(X|1ecxioer) 19 € 2
< sup{E(X1,4) : P(A) <} <e.
0

We now need two statements that compare different types of convergence. You should
compare them to Theorem (1.28).

(4.65) Lemma

Assume that a sequence (X,,) of RVs is uniformly bounded and converges to some RV X in
probability. Then X € L', and lim || X,, — X||; = 0.

Proof: Let ¢ > 0. We have
[Xn — X[y = E(| X, — X]) SE(]X, — X[1{x,-x[e}) € = (%).

By assumption, there exists K < oo with |X,| < K a.s. for all n. Then for all m > 1,
P(|X| > K+ 1/m) <P(|X — X,| > 1/m) — 0 as n — oo. So, P(|X| > K + 1/m) = 0 for all
m, and thus also
P(IX| > K) =P(| J{IX| > K +1/m}) =0.
meN
In particular, X € L', and

n—oo

(x) K2KP(|X, — X|>¢)+e — 0+e.
As this is true for arbitrary ¢ > 0, the claim holds. OJ

(4.66) Theorem

Let (X,,) be a sequence of integrable RVs, and let X be a RV. Then the following statements
are equivalent:

(i): X € L' and lim,, o || X, — X} = 0.
(ii): X, — X in probability, and (X,,) is Ul
Proof: (ii) = (i): For K > 0, define the K-cutoff RV X\ = max{min{X,, K}, —K}. The
triangle inequality gives
E(1X, — Xo|) S E(1X, = XTI +E(XSO - X)) + E(1 X, — X5V (%)
for all n, m. For each K, (szK)) converges in probability since (X,,) does, and is bounded. So

the middle term in (*) is an L'-Cauchy sequence by (4.64). Since (X,,) is UL, for each ¢ > 0
there exists some K < oo so that

sup{n € N : E(|X75K) — X,|) =sup{n € N: E(|X,|1{x,>k})} <e.
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Inserting these two facts into (x), we find that for each € > 0 we can find N > 0 so that for
alln > N, E(|X,, — X,u|) < 3e. So, (X,,) is a L'-Cauchy sequence and thus converges. Since

convergence in L' implies convergence in probability (to the same function), the limit must be
X.

(1) = (i7) : By (1.28 d), we only need to show that (X,,) is UL For this, let K < oo. Then for
all n € N,

E(1Xallgx, > k1) < BIIXn = X[+ [ XD 1x, 5 x) = B(X0 = X[1x,5x) + E(X x5 x3)-
Now let € > 0 and choose N € N with E(|X,, — X|) < ¢ for n > N. Then
sup{E(|Xn|1{x,1>k1) 1 m € N} < sup{E(|X,, — X|Lyx,>x3) 1 0 < N
+ sup{E(|X,, — X|) : n > N} + sup{E(|X|1{x,|>k}) : » € N}
g Sup{E<‘Xn|1{|Xn|>K}) n < N} +e&+ QSup{E(‘Xllﬂxan}) n e N} (*)

The first term of (x) can be made less than € by choosing K large enough, since finitely many
integrable RVs are UL For the third term, note that E(| X, |) < E(|X,—X|)+E(|X]|) — E(|X]),
and so we have sup,, E(]X|) < oco. By Chebyshev, for each § > 0 we can choose K so large that

1
sup{P(|X,| > K) : n € N} < sup{EE(|Xn|) :n € N} < 0.

Now fix € > 0 and for each n let 9,, and K,, be so small that the statement of Lemma (4.63)
holds for | X|. Then the third term in (x) is also < ¢, and we have shown that (X,,) is UL. O

We can now apply this to martingales:

(4.67) Theorem

Let (M,,) be a submartingale with its natural filtration, i.e. with F,, = o(My : k < n). If (M,)
is UI, then M., = lim,,_,o M,, exists a.s. and in L', and

V. M, <E(My|F).
If (M,) is a martingale, then even
Vn : M, = E(My|F,).

Proof: Since (M,) is UL, we have sup, E(|M,|) < oo, and so My = lim,,_,., M, exists a.s. by
the Martingale Convergence Theorem. Thus M,, — M., in probability, and so M, € L' and
M, — My, in L' by Theorem (4.66). For k > n, we compute

E(My|F,) = E(My|F,) + E(My — Mg|F,) = M, + E(My — Mg|F,).
Since

lim B(|E(Ma — Mil 7)) < lim E(E(|1Ma — Ml [ F,) ) = E( Mo — M) = 0,
n— oo n—oo

we have E(M,, — My|F,) "2% 0 a.s. Since E(My|F,) = M, by the submartingale property, we
have E(Mw|F,) — M, < E(Ms — My|F,), and the claim follows by taking k — oo. If (M,,) is
a martingale, replace > by = at the appropriate places. O



84 VOLKER BETZ

The following theorem is the announced statement that all Ul Martingales have the form
of Example (4.62). In words, it says that every Ul martingale is the 'discovery process’ by finer
and finer o-algebras of a single 'limiting” RV X.

(4.68) Theorem
a) Let (M,) be a Ul-martingale. Then there exists a filtration (F,,) and a RV X such that
M, =E(X|F,) as. and lim M, =X in L' and a.s..

n—oo

b) Let X be a RV and (F,) a filtration. Define Fo, := lim, ,o F, = o(F, : n € N), and
M, = E(X|F,). Then (M,) is an Ul-martingale, and

lim M, =E(X|F,) in L' and as.

n—oo

Proof: a) Choose X = M., = lim,,_,o, M,, (a.s. limit), and F,, = o(my, : k < n). The statement
then is just a reformulation of Theorem (4.67).

b) (M,) is a martingale (example (4.9 ¢)), and it is UI by Theorem (4.64). By Theorem (4.67)
then there exists a RV M., such that M, — M, a.s. and in L'. It remains to show that
M, =E(X|Fx).
We first treat the case where X > 0. Then YV := E(X|F,) > 0, and M, > 0 a.s. Consider the
finite measures pu1, po on (2, Foo) with

VA e Fx: p1(A) = E(Mylya), p2(A) =E(Y1y).
We claim that for each m € N and each A € F,,, p1(A) = pa(A) = E(X14). To see this, note
that for n > m we have

E(X14) = E(E(X14|F,)) = E(LAE(X|F,)) = E(14M,) =F E(14My) = 1 (A),

and
E(X14) = E(E(X14|Fo0)) = E(LAE(X[Fx)) = p2(A).
This means that p1(A) = pe(A) for all A from the m-system (J -, F,,. The system

L:=oc({Ac|]Fn:m(A) =m(A)})
n=1

is a o-algebra, hence a A-system. Since obviously J~ | F, C L, by the m-A-Theorem (1.20) we
have Foo = o(U,—, Fn) C L. So, indeed pq(A) = po(A) for all A € Fo. (This is, once more, the
proof of the very useful statement: if two measures agree on a N-stable generator of a o-algebra,
they agree on the o-algebra.)

Now by choosing A = 1y >y} € Foo, e find that E((Mo =Y ) 1iarsyvy) = p1(A) —pa(A) = 0,
so My, <Y a.s. Conversely, choosing A = 1y <y} gives My, <Y a.s. The claim follows. [J

The final topic of this section is a sort of converse to the last theorem. Instead of increasing
the information about some RV X, we now decrease it. The resulting RVs then contain less

and less information.

(4.69) Backwards Martingale Convergence Theorem
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Let X € L', and let (G_,)nen be a filtration, meaning that G_,, C G_,, when n > m. Put
M_, =E(X|G-0),  Gooo:={[)G-n

neN
Then for each N € N the process (My)_n <k <1 i a martingale, M_, := lim,,_,,, M_,, exists
a.s. and in L', and M_,, = E(X|G_o).

Proof: (My)_n <k <1 is a martingale by the tower property. The number of upcrossings Uy (M)
of the martingale (M})_n <k <1 must be a.s. bounded by the same argument as the one gi-
ven in Lemma (4.29). Therefore, again by the same argument as for martingale convergence,
limy ;00 M_y exists a.s. Since (M_j)pen is UI, the convergence also holds in L'. Now in the
same way as in (4.68) we show that M_,, = E(X|G_). The details are left as an exercise. [J

Finally, we re-prove the Strong Law of Large Numbers using martingale techniques. We are
restricted to iid RVs, but as a bonus, we even get convergence in L.

(4.70) SLLN with Martingale Proof
Let (X,,) be iid integrable RVs and set p := E(X;). Then

1 I~y nooe
=S, 1= — g X, =3 a.s. and in L',
" [

Proof: Let G_,, = o(Sy, : m 2 n), and G_o = [,y Gn- In Example (3.30), you were asked to
show that

1

Theorem (4.69) now implies that
1
lim =S, = lim E(X;|G_,) exists a.s. and in L'.
n—oo N n—o00

To see that the limit is a.s. constant, let

L(w) := limsup lS’n(w) = lim sup l(Xk_i_l +...+X,),
n—oo N n—oo N

where the last equality holds for each fixed & € N. This shows that L is 7-measurable, with 7

the terminal o-algebra, i.e. T = oy i, and T = (X, Xi11, - . .). BY Kolmogorovs 0-1-law,

P(L > ¢) € {0,1} for all ¢ € R, which means that L is a.s. constant. Then L = E(L) =

lim,, o0 %E(S’n) = U. O



